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torso models and the same simulation signals for torsos without electrode relocation. Signal in
black was obtained with the reference 4000-node torso, red and blue signals correspond to the
ones obtained with torsos of 2000 and 100 nodes respectively. B. Pearson’s correlation coefficient
(CCO), C. relative measurement (RDM*) and D. mean absolute difference between the reference
dominant frequencies (DF) between torso models and from 100 to 2000 nodes. Points in black
represent the mean value of the metrics torsos in which the distribution of the nodes is
homogeneous and white points represent the torso with nodes heterogeneously placed. Whiskers
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Figure 3.6. A. Example of 1 second of inverse computed electrograms obtained with different
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Figure 3.7. Time metrics obtained comparing the inverse computed eclectrograms 25 atrial
fibrillation patients of the reference and the signals obtained with different torso models with the
node of the electrode displaced by the remeshing. Points in black represent the torsos in which
the distribution of the nodes is homogeneous and white points represent the torso with nodes
heterogeneously placed. A. Pearson’s correlation coefficient (CC) and B. Relative difference
measurement (RDM*). C. Mean absolute difference between the reference dominant frequencies
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Figure 3.8. Dominant frequency maps obtained with different torso models for one real patient

Figure 4.1. Illustration of the geometrical distortions introduced in the performed experiments.
In panel A, illustration of the translation of the atria inside the thorax of the patient along the X,
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obtained from a CT scan atrium (red) and the estimated atrial geometry (blue) for 6 illustrative
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quantification of the Pearson’s correlation coefficient (CC) and the relative difference
measurement star (RDMS) between ECGI signals in all nodes in the actual atrial mesh obtained
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Figure 5.3. Values of maximum curvature of the L-curve and  angle for 5 regular rhythms and
14 atrial fibrillation simulations for different levels of signal-to-noise ratio and geometrical
displacement of the cardiac geometry. In top panels maximum curvatures are depicted whereas in
bottom panels beta values are represented. In panels A, E, C and G, curvature/beta values for all
combined electrical and geometrical noise are grouped by the amount of added electrical noise.
In panels B, D, F, H curvature/beta values for all combined electrical and geometrical noise are

grouped by the amount of added geometrical NOISE. ........cceevvievuierieriiiie et 105

Figure 5.4. Values of maximum curvature of the L-curve and B angle for regular rhythms (A)
and atrial fibrillation simulations (B) versus the optimal regularization parameter (Ar) obtained
for different levels of signal-to-noise ratio (color-coded) and displacement of the cardiac
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Figure 5.5. Example of local activation times (LAT) map of a sinus thythm (SR) simulation (A).
LAT maps obtained for ECGI signals obtained with different signal-to-noise ratios and different
regularization parameters of the same SR simulation (B). LAT maps obtained for ECGI signals
obtained with different displacements of the cardiac geometry with a 20dB SNR and different
regularization parameters of the same SR simulation (C). Maps computed with the optimal
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Figure 5.6. Example of local activation (LAT) maps of an atrial flutter patient obtained with
ECGI and electro-anatomical mapping (A). LAT maps for adding electrical noise to body surface
signals to the patient and the respective variation of the L-Curve and curvature for the explored
regularization parameters (B). LAT maps obtained for displacements of the cardiac geometry and
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Figure 5.7. Example of singularity point (SP) histogram of an atrial fibrillation patient obtained
with ECGI, and fibrosis map obtained with LGE-MRI (A). SP histograms for adding electrical
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Figure 5.8. LAT maps of atria stimulated in the coronary sinus (CS). Panel A shows the LAT
map with the optimal AL obtained with the L-curve method and panel B shows the map obtained
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Figure 5.9. LAT map of an atrial flutter obtained with a wide range of AL and its L-curve and
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curve and curvature (D). Panel E shows the LAT map corrected based on [ obtained from the L-
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Figure 6.1. Example of consecutive ECGI signals around a phase singularity for each type of
processing (no filter, sinusoidal Recomposition (SRC), and narrow band-pass filter at the highest
dominant frequency (NB HDF). Blue signals represent the voltage value, and pink signals the
phase obtained with Hilbert’s transform. Solid line on top of the electrograms represents the time
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Figure 6.2. Phase maps of an ECGI signal with different types of processing (no filter, sinusoidal
Recomposition (SRC), and narrow band-pass filter at the highest dominant frequency (NB HDF)
using different singularity point threshold detection 0.5, 1, and 1.5 turns. Colors projected on the
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Figure 6.3. Singularity point histogram of an ECGI signal with different types of processing (no
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Figure 6.4. Rotor presence during a 4-seconds recording with different types of processing (no
filter, sinusoidal Recomposition (SRC), and narrow band-pass filter at the highest dominant
frequency (NB HDF) using different singularity point threshold detection 0.5, 1, and 1.5 turns.
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Figure 6.5. Mean and standard deviation A-C values for each metric using different post-
processing methods (no filter, sinusoidal Recomposition (SRC), and narrow band-pass filter at
the highest dominant frequency (NB HDF) and different singularity points detection thresholds:
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Figure 6.6. Mean absolute difference between two measurements for reentrant metrics for
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Figure 6.7. Receiver operating characteristic curves and values of area under the curve (AUC)
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Figure 7.3. Scatter plots of the first and second measurements for each metric classified by PVI
outcome (gray: good outcome), black (bad outcome): singularity points per millisecond (A), mean

rotor duration (B) and spatial entropy (C).....cceevverviriiiiiiieiieiiesieesee e ere e ere e seesereeereesees 146
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Figure 8.1. Correlations of metrics computed on the body surface electrocardiograms (BSPM)
and on the ECGI solution. A. AF substrate complexity metrics: highest dominant frequency
(HDF), sample entropy (SAE), and relative harmonic energy (RHE). B. AF propagation
recurrence metrics: short-term (|P;| and P») and long-term (LTR) recurrence. The values of r
represent the Pearson’s correlation coefficient (and its p-value). In each plot, the line of best fits

(dashed line) is also shown together with the line of identity. .........ccceeevreiieviievienienie e, 163

Figure 8.2. Correlations between AF substrate complexity metrics obtained on body surface
(HDF, SAE, and RHE) electrocardiograms and the number of rotors per second (A) and mean
rotor duration (B). The values of r represent the Pearson’s correlation coefficient (and its p-value).

In each plot, the line of best fits (dashed line) is also shown together with the line of identity.164

Figure 8.3. Correlations between AF propagation recurrence metrics obtained on the body
surface (short (|P1], P2) and long-term (LTR) recurrence) and the number of rotors per second (A)
and mean rotor duration (B). The values of r represent the Pearson’s correlation coefficient (and
its p-value). In each plot, the line of best fits (dashed line) is also shown together with the line of
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Figure 8.4. Violin plots of AF substrate complexity (A) and AF propagation recurrence metrics
(B) measured in the left (blue) and the right (red) atrium. The p-value of each statistical

comparison is shown on the top of each graph, the line represents the median of the metric. . 166

Figure 8.5. Violin plots of reentrant metrics measured at the left (blue) and right (red) atrium.
The p-value of each statistical comparison is shown on the top of each graph, the line represents
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Figure 8.6. Correlation of BSPM-based AF substrate complexity metrics with the number of
rotors per second (A) and mean rotor duration (B) for rotors in the left (blue dots) and in the right
(red dots) atrium, respectively. The values of r represent the Pearson’s correlation coefficient and
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Figure 8.7. Correlation of BSPM-based AF propagation recurrence metrics with the number of
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Abstract

Atrial fibrillation (AF) is the most prevalent arrhythmia in the world and is associated with
significant morbidity, mortality, and healthcare costs. Despite advancements in pharmaceutical
treatment alternatives and ablation therapy, AF management remains suboptimal.
Electrocardiographic Imaging (ECGI) has emerged as a promising non-invasive method for
assessing cardiac electrophysiology and guiding therapeutic decisions in atrial fibrillation.
However, ECGI faces challenges in dealing with accurately resolving the ill-posed inverse
problem of electrocardiography and optimizing the quality of ECGI reconstructions. Additionally,
the integration of ECGI into clinical workflows is still a challenge that is hindered by the

associated costs arising from the need for cardiac imaging.

For this purpose, the main objectives of this PhD thesis are to advance ECGI technology by
determining the minimal technical requirements and refining existing methodologies for
acquiring accurate ECGI signals. In addition, we aim to assess the capacity of ECGI for non-
invasively quantifying AF complexity. To fulfill these objectives, several studies were developed

throughout the thesis, advancing from ECGI enhancement to AF evaluation using ECGI.

Firstly, geometric and signal requirements of the inverse problem were addressed by studying
the effects of torso mesh density and electrode distribution on ECGI accuracy, leading to the
identification of the minimal number of nodes and their distribution on the torso mesh. Besides,
we identified that the correct location of the electrodes on the reconstructed torso mesh is critical
for the accurate ECGI signal obtention. Additionally, a new methodology of imageless ECGI was
defined and assessed by comparing ECGI-derived drivers computed with the original heart
geometry of the patients to the drivers measured in different heart geometries. Our results showed
the ability of imageless ECGI to the correct quantification and location of atrial fibrillation

drivers, validating the use of ECGI without the need for cardiac imaging. Also, the current state-
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of-the-art zero-order Tikhonov regularization and L-curve optimization for computing ECGI
signals were improved by investigating the impact of electrical noise and geometrical
uncertainties on the regularization. We proposed a new criterion that enhances the accuracy and

reliability of ECGI solutions in situations with uncertainty from unfavorable signal conditions.

Secondly, in this PhD thesis, several analyses, signal processing methodologies, and ECGI-
derived metrics were investigated to better characterize the cardiac substrate and reentrant activity
in ECGI signals from AF patients. With the objective of obtaining a deeper understanding of the
electrophysiological mechanisms underlying AF, we established the optimal filtering strategy to
extract patient-specific reentrant patterns and derived metrics in ECGI signals. Furthermore, we
investigated the reproducibility of the obtained ECGI-reentrant maps and linked them to the
success of PVI ablation. Our results showed that higher reproducibility on AF drivers detected
with ECGI is linked with the success of PVI, creating a proof-of-concept mechanism for

stratifying AF patients prior to ablation procedures.

In conclusion, this PhD thesis makes a significant contribution to the development of a more
rigorous and practical framework for the use of ECGI in clinical practice, particularly in the
domain of atrial fibrillation. This thesis' findings have the potential to enhance patient
stratification, individualized therapy planning, and patient outcomes in the management of AF.
This study provides a strong basis for future improvements by resolving the limitations associated

with ECGI technology and validating its application in assessing AF complexity.
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Resumen

La fibrilacién auricular (FA) es la arritmia mas prevalente en el mundo y esta asociada con una
elevada morbilidad, mortalidad y costes sanitarios. A pesar de los avances en opciones de
tratamiento farmacolodgico y terapia de ablacion, el manejo de la FA todavia tiene margen de
mejora. La imagen electrocardiografica (ECGI) se ha destacado como un prometedor método no
invasivo para evaluar la electrofisiologia cardiaca y guiar las decisiones terapéuticas en casos de
fibrilacion auricular. No obstante, el ECGI se enfrenta a desafios como la necesidad de resolver
de manera precisa el denominado problema inverso de la electrocardiografia y de optimizar la
calidad de las reconstrucciones de ECGI. Ademas, la integracion del ECGI en los procesos
clinicos rutinarios sigue siendo un reto, en gran medida debido a los costos que supone la

necesidad de imagenes cardiacas.

Por ello, los objetivos principales de esta tesis doctoral son impulsar la tecnologia ECGI
mediante la determinacién de sus requisitos técnicos minimos y la mejora de las metodologias
existentes para obtener sefiales de ECGI precisas. Asimismo, buscamos evaluar la capacidad de
ECGI para cuantificar de forma no invasiva la complejidad de la FA. Para lograr estos objetivos,
se han llevado a cabo diversos estudios a lo largo de la tesis, desde el perfeccionamiento del ECGI

hasta la evaluacion de la FA utilizando esta tecnologia.

En primer lugar, se han estudiado los requisitos geométricos y de sefal del problema inverso
mediante el estudio de los efectos de la densidad de la malla del torso y la distribucion de
electrodos en la precision del ECGI, lo que ha conducido a la identificacion del nimero minimo
de nodos y su distribucion en la malla del torso. Ademas, hemos identificado que para obtener
sefales de ECGI de alta calidad, es crucial la correcta disposicion de los electrodos en la malla

del torso reconstruido. Asimismo, se ha definido y evaluado una nueva metodologia de ECGI sin
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necesidad de usar técnicas de imagen cardiaca. Para ello, hemos comparado métricas derivadas
del ECGI calculadas con la geometria original del corazon de los pacientes con las métricas
medidas en diferentes geometrias cardiacas. Nuestros resultados han mostrado que el ECGI sin
necesidad de imagenes cardiacas es efectivo para la correcta cuantificacion y localizacion de los
patrones y zonas que mantienen la FA. En paralelo, hemos optimizado la regularizacion de
Tikhonov de orden cero actual y la optimizacion de la curva L para el calculo de las senales ECGI,
investigando coémo el ruido eléctrico y las incertidumbres geométricas influyen en la
regularizacion. A partir de ello, propusimos un nuevo criterio que realza la precision de las

soluciones de ECGI en escenarios con incertidumbre debido a condiciones de sefial no ideales.

En segundo lugar, en esta tesis doctoral, se han llevado a cabo multiples analisis relativos a
diferentes metodologias de procesado de sefiales y obtencion métricas derivadas del ECGI con el
fin de caracterizar mejor el sustrato cardiaco y la actividad reentrante en las sefiales de ECGI de
pacientes con FA. Con el objetivo de obtener una comprension mas profunda de los mecanismos
electrofisioldgicos subyacentes a la FA, hemos establecido la estrategia de filtrado 6ptima para
extraer patrones reentrantes especificos del paciente y métricas derivadas de senales ECGI.
Ademas, hemos investigado la reproducibilidad de los mapas de reentradas derivados de las
sefiales de ECGI y hemos encontrado su relacion con el éxito de la ablacion de venas pulmonares
(PVI). Nuestros resultados han mostrado que una mayor reproducibilidad en los patrones
reentrantes de FA detectados con ECGI esta relacionada con el éxito de la PVI, creando una

metodologia para estratificar a los pacientes con FA antes de los procedimientos de ablacion.

En conclusion, esta tesis doctoral hace una contribucion significativa al desarrollo de un marco
mas riguroso y practico para el uso de ECGI en la practica clinica, en particular en el &mbito de
la fibrilacion auricular. Los hallazgos de esta tesis tienen el potencial de mejorar la estratificacion
de pacientes, la planificacion de terapia individualizada y mejorar los resultados de los
tratamientos actuales la FA. Esta tesis sienta las bases solidas para futuros desarrollos,
enfocandose en superar las limitaciones inherentes a la tecnologia ECGI y validando su utilidad

para evaluar la complejidad de la FA.
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Resum

La fibril-laci6 auricular (FA) és l'arritmia més prevalent al mon i esta associada amb una elevada
morbiditat, mortalitat i costos sanitaris. Malgrat els avangos en opcions de tractament
farmacologic i terapies d'ablacid, el maneig de la FA encara t¢ marge de millora. La imatge
electrocardiografica (ECGI) s'ha destacat com un prometedor métode no invasiu per a avaluar
I'electrofisiologia cardiaca i guiar les decisions terapéutiques en casos de fibril-laci6 auricular. No
obstant aix0, I’ECGI s'enfronta a desafiaments com la necessitat de resoldre de manera precisa el
denominat problema invers de la electrocardiografia i d'optimitzar la qualitat de les
reconstruccions de ECGI. A més, la integracio del ECGI en els processos clinics rutinaris continua

sent un repte, en gran manera a causa dels costos que suposa la necessitat d'imatges cardiaques.

Per aix0, els objectius principals d'aquesta tesi doctoral son impulsar la tecnologia de I’ECGI
mitjangant la determinacid dels seus requisits técnics minims i la millora de les metodologies
existents per obtenir senyals d'ECGI precises. A més, busquem avaluar la capacitat de I'ECGI per
quantificar de forma no invasiva la complexitat de la FA. Per a aconseguir aquests objectius, s'han
dut a terme diversos estudis al llarg de la tesi, des del perfeccionament de I'ECGI fins a l'avaluacio

de la FA utilitzant aquesta tecnologia.

En primer lloc, hem estudiat els requisits geométrics i de senyal del problema invers mitjancant
l'estudi dels efectes de la densitat de la malla del tors i la distribucio d’eléctrodes en la precisio de
I'ECGI, el que ha conduit a la identificacié del nombre minim de nodes i la seva distribucio en la
malla del tors. A més, hem identificat que per obtindre senyals d'ECGI d'alta qualitat, és crucial
la correcta disposicio dels eléctrodes en la malla del tors reconstruida. També s'ha definit i avaluat
una nova metodologia d'ECGI sense necessitat d'utilitzar técniques d'imatge cardiaca. Per a aixo,
hem comparat meétriques derivades de 'ECGI calculades amb la geometria original del cor dels
pacients amb les métriques mesurades en diferents geometries cardiaques. Els nostres resultats

han mostrat que I'ECGI sense necessitat d'imatges cardiaques és efectiu per a la correcta

27



quantificacio i localitzacio dels patrons i zones que mantenen la FA. Paral-lelament, hem
optimitzat la regularitzacio de Tikhonov d'ordre zero actual i I'optimitzacié de la corba L per al
calcul de les senyals d’ECGI, investigant com el soroll eléctric i les incerteses geomeétriques
influeixen en la regularitzacio. Addicionalment, vam proposar un nou criteri que reforca la
precisié de les solucions d'ECGI en escenaris amb incertesa degut a condicions de senyal no

ideals.

En segon lloc, en aquesta tesi doctoral, s'han dut a terme multiples analisis relatius a diferents
metodologies de processament de senyals i obtencid de métriques derivades de 'ECGI amb
l'objectiu de caracteritzar millor el substrat cardiac i I'activitat reentrant en les senyals d'ECGI de
pacients amb FA. Amb l'objectiu d'obtindre una comprensié més profunda dels mecanismes
electrofisiologics subjacents a la FA, hem establert I'estratégia de filtrat Optima per extreure
patrons reentrants especifics del pacient i métriques derivades de senyals ECGI. A més, hem
investigat la reproductibilitat dels mapes de reentrades derivats de les senyals d'ECGI i hem trobat
la seva relacid amb l'éxit de I'ablacié de venes pulmonars (PVI). Els nostres resultats han mostrat
que una major reproductibilitat en els patrons reentrants de FA detectats amb ECGI esta
relacionada amb I'éxit de la PVI, creant una metodologia per estratificar els pacients amb FA abans

dels procediments d'ablacio.

En conclusio, aquesta tesi doctoral fa una contribucioé significativa al desenvolupament d'un
marc més rigorés i1 practic per a 1as de I'ECGI en la practica clinica, en particular en 'ambit de la
fibril-lacié auricular. Els resultats d'aquesta tesi tenen el potencial de millorar l'estratificacio dels
pacients, la planificacié d'una terapia individualitzada i millorar els resultats dels tractaments
actuals de la FA. Aquesta tesi assenta les bases solides per a futurs desenvolupaments, centrant-
se en superar les limitacions inherents a la tecnologia ECGI i validant la seva utilitat per avaluar

la complexitat de la FA.
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Chapter 1. Introduction and motivation

Chapter 1

1.1. Introduction and motivation

Biomedical engineering has revolutionized contemporary medicine by seamlessly merging
engineering ideas with medical practice. This multidisciplinary approach has resulted in
extraordinary advances in medical technology, allowing for better diagnosis, treatment, and
management of a wide range of medical conditions. In particular, one revolutionary development
is the Electrocardiogram (ECG), a non-invasive diagnostic tool that has changed how clinicians
monitor and evaluate cardiac electrophysiology since its invention (Einthoven W., 1906). The
invention of the electrocardiogram (ECG) and the following advances in cardiac activity
measurement and monitoring, such as Body Surface Potential Mapping (BSPM) and
Electrocardiographic Imaging (ECGI), have offered invaluable insights into the complex

dynamics of cardiac activity.

Atrial fibrillation (AF) is the most common cardiac arrhythmia, affecting millions of people
worldwide (Hindricks et al., 2021). The irregular and rapid electrical activity in the atria impairs
the heart's ability to pump blood efficiently, leading to increased risks of stroke, heart failure, and
other cardiovascular complications. Despite the multiple advances in treatment options, the
success rate of pulmonary vein isolation (PVI) ablation, a common intervention for AF, remains
suboptimal. This highlights the need for improved patient stratification, personalized treatment
planning, and a deeper understanding of the underlying electrophysiological mechanisms of AF

to enhance ablation outcomes.

In this respect, Electrocardiographic Imaging is a promising non-invasive technology for
assessing cardiac electrophysiology and informing treatment decision-making as it permits a

detailed reconstruction of cardiac activity on the cardiac surface. However, ECGI technology still
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faces several challenges, including accurately resolving the ill-posed inverse problem of
electrocardiography and ensuring its clinical implementation (Salinet et al., 2021). Thus, one
primary motivation for this PhD thesis is to advance ECGI technology by addressing the
geometric and signal requirements for obtaining accurate ECGI-derived maps of cardiac activity.
Furthermore, in this thesis we aim to optimize the quality of ECGI reconstructions and investigate
the impact of electrical noise and geometrical uncertainties on the resolution of the inverse
problem of electrocardiography. This research aims to enhance the accuracy and reliability of
ECQGI, transforming it into a more powerful tool for clinical applications, especially in the context

of atrial fibrillation.

Additionally, the simplification of the ECGI workflow, which is currently hindered by the time-
consuming need for cardiac imaging, is one of the main challenges to its integration into clinical
workflows. To address this issue, this thesis focuses on the development of a new methodology
for imageless ECGI that does not rely on CT or MRI scans. This innovation has the potential to
facilitate the introduction of ECGI into daily clinical practice by reducing procedural time and

economic costs.

Another driving force behind this research is the improvement of AF complexity quantification
in order to improve the sub-optimal outcomes of pulmonary vein isolation. In order to achieve
better patient selection for ablation procedures, we will validate the applicability of ECGI in
quantifying AF complexity and guiding clinical decision-making. By investigating the optimal
signal processing methodologies, and patient ECGI-derived metrics, this thesis aims to better
characterize the cardiac substrate and reentrant activity in ECGI signals, which could inform
towards the stratification of AF patients. Understanding the reproducibility of these metrics in
relation to the success of PVI ablation may offer valuable insights for clinical decision-making

and contribute to improved ablation outcomes.

In summary, the motivation for this PhD thesis is to address the demanding needs in the field
of AF management by advancing ECGI technology, simplifying its workflow, and demonstrating
its potential for quantifying AF complexity. Through these advancements, this research offers a
solid foundation for improved patient stratification, personalized treatment planning, and,

ultimately, better patient outcomes in the management of AF.
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Chapter 1. Objectives

Objectives

This thesis has two main objectives that have been responded to in the articles developed and

grouped in the two main sections of this manuscript: to improve the current state-of-the-art

methodology of ECGI and to validate its applicability in the quantification of AF complexity.

Objective 1: To assess the geometric and signal requirements of the inverse problem of

electrocardiography and to quantify the limitations and potential advancements in this technology

for the evaluation of atrial fibrillation complexity. This objective is divided into the following

points, which will be addressed in the following chapters:

To determine the impact of torso mesh density and electrode placement in the torso mesh
used on the inverse problem resolution in atrial fibrillation signals.

To assess the robustness of ECGI and derived metrics in atrial fibrillation signals under
the displacement of atrial geometry from its correct position.

To determine the effect of the accuracy of the atrial geometry estimation on the inverse
problem of electrocardiography in atrial fibrillation signals.

To guide the selection of the optimal regularization parameter using the zero-order
Tikhonov regularization and L-curve optimization method and to propose an alternative
for identifying the optimal regularization parameter when the L-curve corner detection

fails.

Objective 2: To evaluate the ability of ECGI to quantify atrial fibrillation complexity. This goal

is divided into the following objectives, which will be addressed in the subsequent chapters:

To establish the most appropriate signal processing methodology for evaluating reentrant
activity in ECGI signals for the stratification of atrial fibrillation patients.

To determine the reproducibility of ECGI-derived metrics in atrial fibrillation and its
relationship with the success of pulmonary vein ablation.

To assess the electrical complexity of atrial fibrillation signals in BSPM and its

relationship with atrial substrate reentrant analysis using ECGI.
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1.3. Structure of the thesis

This thesis comprises a collection of articles that address the technical requirements for
obtaining high-quality Electrocardiographic Imaging signals and maps for the analysis of atrial
fibrillation complexity. In Chapter 1, we introduce the motivation and objectives that underpin
this thesis. Chapter 2 presents the state of the art related to the articles compiled in the thesis,
providing essential background information and context. Chapters 3 to 5 focus on the
improvement of ECGI, outlining the requirements for torso mesh, validating imageless ECGI,
and enhancing the most commonly used mathematical methodology for computing ECGI signals.
Chapters 6 to 8 present studies that employ ECGI to analyze AF complexity, reproducibility, and
patient stratification prior to pulmonary vein isolation. Lastly, Chapters 9 and 10 provide a general
conclusion of the studies presented and enumerate all the contributions and academic

achievements accomplished during this PhD thesis.

Chapter 2: State of the art. This chapter summarizes the key concepts discussed in this thesis.
Atrial electrophysiology will be introduced, along with a detailed discussion of atrial fibrillation
and pharmacological and ablation treatments. Electrocardiography, body surface potential
mapping, and electrocardiographic imaging will be described as non-invasive diagnostic
procedures for AF diagnosis. Finally, cardiac mathematical models utilized for AF study will be

introduced, ranging from cell to whole body models.

Chapter 3: In this chapter, the effects of torso mesh density and electrode distribution on ECGI

accuracy are presented. This chapter corresponds to the following publication:

Molero, R., Gonzalez-Ascaso, A., Hernandez-Romero, 1., Lundback-Momp6, D., Climent, A.
M., and Guillem, M. S. (2022). Effects of torso mesh density and electrode distribution on the
accuracy of electrocardiographic imaging during atrial fibrillation. Front. Physiol. 13.

doi:10.3389/fphys.2022.908364.

In Chapter 4, we examine the robustness of imageless ECGI in the face of uncertainty in atrial
morphology and location inside the torso geometry, establishing a new framework for ECGI use

without the need for cardiac imaging. This chapter refers to the publication listed below:

Molero, R., Gonzalez-Ascaso, A., Climent, A. M., and Guillem, M. S. (2023). Robustness of
imageless electrocardiographic imaging against uncertainty in atrial morphology and location. J.

Electrocardiol. 77, 58-61. doi:10.1016/j.jelectrocard.2022.12.007.

In Chapter 5, we present an improved alternative to the obtention of ECGI signals based on a
more accurate regularization parameter selection in front of different uncertainties while solving

the inverse problem of electrocardiography. This chapter corresponds to the submitted paper:
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Molero R. Martinez-Pérez M., Herrero-Martin C., Reventds-Presmanes J., Roca-Luque 1. Mont
L., Climent A.M., Guillem M.S. Improving -electrocardiographic imaging solutions: a
comprehensive study on regularization parameter selection with noise considerations in I-curve

optimization.

In Chapter 6, different post-processing alternatives for ECGI signals for reentrant activity
detection are studied in order to improve atrial fibrillation patients' stratification corresponding to

the following publication:

Molero, R., Hernandez-Romero, I., Climent, A. M., and Guillem, M. S. (2023). Filtering
strategies of electrocardiographic imaging signals for stratification of atrial fibrillation patients.

Biomed. Signal Process. Control 81, 104438. doi:10.1016/j.bspc.2022.104438.

In Chapter 7, we analyze the reproducibility of atrial fibrillation drivers measured on
electrocardiographic imaging signals and investigate its relationship with the outcome of
pulmonary vein isolation for improving patient stratification. This chapter corresponds to the

publication mentioned below:

Molero, R., Soler Torro, J. M., Martinez Alzamora, N., M. Climent, A., and Guillem, M. S.
(2021). Higher reproducibility of phase-derived metrics from electrocardiographic imaging

during atrial fibrillation in patients remaining in sinus rhythm after pulmonary vein isolation.

Comput. Biol. Med. 139, 104934. do0i:10.1016/j.compbiomed.2021.104934.

In Chapter 8, we present a study of the complexity of AF measured on body surface potentials
and analyze its relationship with the epicardial drivers detected on ECGI signals. This chapter is
a result of a collaboration with Maastricht University on a research stay conducted during this

thesis. This chapter corresponds to the following submitted paper:

Molero R., Meste O., Peeters R., Karel J., Bonizzi P., Guillem M. S., Complexity and recurrence
of body surface electrocardiograms correlates with estimated reentrant atrial activity with

electrocardiographic imaging in atrial fibrillation patients.

Chapter 9: General discussion and conclusions. In this chapter, the overall results of the
thesis are discussed and compared with the existing literature. The achieved objectives and
findings obtained in this thesis are presented, along with potential future lines of research opened

up by this work.

Chapter 10: Contributions. This final chapter lists the scientific contributions related to this
thesis and obtained from the current dissertation. The scientific framework in which this thesis

has been involved, including research stays and projects, are also listed.
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Chapter 2

State of the art

In this chapter the basis for understanding the context and significance of the research articles
compiled in this thesis is presented. It provides an overview of the essential aspects of cardiac
electrophysiology, with a specific focus on atrial fibrillation, its diagnosis, evaluation, and
treatment options. Additionally, this chapter delves into the crucial techniques used for studying
cardiac electrical activity in this research, such as body surface potential mapping and
electrocardiographic imaging, and mathematical modelling of cardiac activity. By outlining the
current knowledge and advancements in these areas, we aim to establish a solid basis for the

subsequent chapters and findings of the thesis.

2.1. Introduction to the heart

The heart is a muscular organ located within the thoracic cavity that acts as the core component
of the circulatory system. Its primary function is to maintain the efficient distribution of oxygen
and essential nutrients through the blood all over the body while also facilitating the elimination
of waste products, such as carbon dioxide. The heart's behavior and function are defined by a
complex interplay of electrical and mechanical processes, ensuring the rhythmic contractions that
result in the adequate circulation of blood. Cardiac contractions are responsible for pumping blood
through the four cavities of the heart in a specific sequence: from the body, blood enters the right
atrium (RA), then, through the tricuspid valve, it moves to the right ventricle (RV), which pumps
it to the lungs for oxygenation. Oxygen-rich blood returns to the left atrium (LA), and flows into
the left ventricle (LV) through the mitral valve. Finally, the LV pumps the blood to the rest of the

body, delivering oxygen and nutrients.

The complicated link between cardiac contraction, electrical activity, and blood pumping is
essential to the heart's function. Pacemaker cells, which have the unique capacity to create and

propagate electrical signals independently, are responsible for the electrical activity of the heart.
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These impulses cause the heart muscle to contract in a controlled manner, resulting in the
mechanical pumping of blood through the circulatory system. Synchronized electrical and
mechanical activities are required to maintain a steady and appropriate blood flow to fulfill the

metabolic demands of the body.

In a healthy heart, the activation sequence (Figure 2.1.) commences with the sinoatrial (SA)
node, commonly referred to as the natural pacemaker. The SA node, which is located in the right
atrium, generates electrical impulses that go across the atrial myocardium. The electrical impulse
propagation causes the atria to contract, causing the ventricles to fill with blood at the same time.
The electrical signal is subsequently sent to the atrioventricular (AV) node, which acts as a vital
link between the atria and ventricles. The AV node, which is positioned at the atrioventricular
junction, briefly pauses the electrical signal, ensuring that atrial contraction is finished before
ventricular contraction begins. The introduced delay by the AV node is critical for optimal
ventricular filling and effective cardiac output. Following the AV node, the electrical impulse
travels through the bundle of His into the Purkinje fiber system, ensuring synchronized and

forceful ventricular contractions for optimal blood flow.

SA Node

Atria

AV Node

His Bundle

~
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Figure 2.1. Cardiac conduction system and action potential morphology of each of the cells
involved in the cardiac cycle and the resulting electrocardiogram. Image adapted from (Cervera,
2012). The cardiac activation sequence starts at the SA followed by the P-wave that corresponds
to the activation of the atria, the QRS complex corresponds to the depolarization of the ventricles,

and the T-wave that corresponds to the repolarization of the ventricles.
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2.1.1. Cardiac Action Potential

At the cellular level, cardiac electrical activity is governed by a series of rapid changes in the
membrane potential, known as action potentials (AP). Action potentials are the consequence of
the interaction between numerous ion channels, transporters, and pumps that keep ions balanced
across the cell membrane. The cardiac AP may be split into the following phases, illustrated in

Figure 2.2.:

Figure 2.2. Cardiac action potential and the main phases and ionic changes between the intra-

and extracellular medium.

- Before the initiation of the action potential, the cardiac cell membrane is at its resting
potential. The resting state is characterized by a relatively stable membrane potential that
is similar to the equilibrium potential of potassium ions, approximately -85 mV. At this
stage, the cell's membrane permeability to potassium ions is significantly greater than its

permeability to other ions, resulting in a maintained resting potential.

- Phase 0, or the depolarization phase, is initiated when the membrane potential reaches a
threshold value of -40mV, leading to the activation of voltage-gated sodium channels.
The quick inflow of sodium ions into the cell creates an abrupt increase in membrane

potential.

- Phase 1, a transient outward potassium current (I,,), causes a small repolarization by

allowing potassium ions to exit the cell while the sodium channels become inactivated.

- Phase 2, or the plateau phase, is marked by a balance between the influx of calcium ions
through voltage-dependent calcium channels and the outflow of potassium ions through
the slow delayed rectifier potassium current (Ixs). Phase 2 is critical for sustaining the
length of the action potential and enabling enough time for ventricular contraction and

blood ejection.
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- Phase 3, or the repolarization phase, the inactivation of calcium channels and the
activation of additional potassium currents, such as the rapid delayed rectifier potassium
current (Ixy) and the inward rectifier potassium current (Ix;), result in a net efflux of

potassium ions, restoring the membrane potential to its resting value.

- Phase 4, is the resting membrane potential, which is primarily maintained by the action
of the sodium-potassium pump, which exchanges three intracellular sodium ions for two

extracellular potassium ions, creating a negative resting membrane potential.

The propagation of electrical activity from one cardiac cell to another is facilitated by
specialized cell-to-cell connections called gap junctions. These junctions allow for the rapid and
synchronized spread of electrical signals throughout the cardiac tissue, ensuring a well-

coordinated contraction of the heart muscle.

2.1.2. Cardiac Electrophysiology

Cardiac electrophysiology is the study of the heart's electrical activity, which is responsible for
maintaining the normal sinus rhythm. A healthy adult at rest typically presents a heart rate between
60 and 100 beats per minute (bpm). While physiological conditions or external factors may cause
normal variations in heart rate, such as bradycardia (rate below 60 bpm) or tachycardia (above

100 bpm), these deviations can be natural responses to exercise, stress, or emotional stimuli.

However, arrhythmias may develop when the heart's electrical activity becomes irregular,
uncoordinated, or originates from an abnormal location. Arrhythmias are categorized into two
main types: supraventricular and ventricular. Supraventricular arrhythmias arise in the atria or the
AV node and encompass atrial fibrillation (AF), atrial flutter (AF1), paroxysmal supraventricular
tachycardia, and atrioventricular nodal reentrant tachycardia, among others (January et al., 2014).
This thesis will primarily focus on atrial fibrillation and its assessment using noninvasive imaging
techniques, which provide crucial information for diagnosing and treating this common

supraventricular arrhythmia.

2.1.3. Atrial Fibrillation

Atrial fibrillation is the most common sustained cardiac arrhythmia, affecting more than 43
million individuals worldwide (Yamamoto and Trayanova, 2022). It is characterized by rapid and
irregular electrical activation of the atria between 300 and 600 activations per minute, leading to

a loss of coordinated atrial contraction and an increased risk of various complications, such as
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stroke and heart failure (Lau et al., 2017; Brugada et al., 2020). The prevalence of AF increases

with age, and it is estimated that around 2-4% of the global adult population is affected by this

condition, with higher rates observed in the elderly population (Staerk et al., 2017; Benjamin et

al., 2019).

Atrial fibrillation can be classified into several types based on the duration and pattern of the

arrhythmic episodes (Hindricks et al., 2021). The primary categories are:

First diagnosed: AF that has never been identified before, regardless of its duration or the

presence/severity of AF-related symptoms.

Paroxysmal Atrial Fibrillation: characterized by episodes of irregular atrial electrical
activity that begin suddenly and usually resolve spontaneously within 7 days. These
episodes can be symptomatic or asymptomatic and may recur at irregular intervals.
Paroxysmal AF is considered a precursor to more persistent forms of the arrhythmia, with

some patients progressing to longer-lasting AF over time.

Persistent Atrial Fibrillation: defined as an arrhythmic episode that lasts longer than 7
days and does not self-terminate. Typically, medical intervention is necessary to restore
normal sinus rhythm in this kind of AF, either by pharmaceutical treatment or electrical
cardioversion. The progression from paroxysmal to persistent AF is defined by
progressive atrial structural remodeling or development of atrial cardiomyopathy (Goette

et al., 2016).

Long-standing Persistent Atrial Fibrillation: characterized by continuous and sustained
AF that lasts for more than 12 months. In long-standing persistent AF, multiple attempts
to restore normal sinus rthythm may be unsuccessful or only temporarily effective, and

the focus of treatment often shifts to rhythm control.

Permanent Atrial Fibrillation: when AF is considered irreversible, and both the patient
and clinician have decided not to pursue further attempts to restore normal sinus rhythm,
it is classified as permanent AF. In these cases, treatment is focused primarily on
controlling the ventricular rate and preventing thromboembolic complications through

anticoagulation therapy.

It is critical to correctly define the kind of atrial fibrillation in each patient since it guides

suitable treatment choices and informs prognosis. Clinical guidelines recommend catheter

ablation treatments to symptomatic paroxysmal AF patients, however, ablation treatments remain

suboptimal. For this reason, the type of AF is not a sufficient criterion for treatment

recommendation. A comprehensive understanding of the underlying etiology and risk factors for
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AF can further aid in developing personalized therapy strategies, which in turn can help reduce

the risk of progression and associated complications.

2.1.3.1.Initiation and maintenance of atrial fibrillation

The exact mechanisms underlying the initiation and maintenance of AF are not fully understood
and remains an area of active research (Guillem et al., 2016; Schotten et al., 2021). At the cellular
level, electrical and structural remodeling, ion channel dysfunction, and alterations in intracellular
calcium handling are thought to contribute to the arrhythmogenic substrate. At the tissue level,
the presence of fibrosis, inflammation, and heterogeneous conduction properties can lead to a
complex and dynamic interplay between functional reentrant circuits and focal drivers,

perpetuating the arrhythmia.

Several hypotheses have been proposed to explain the initiation and maintenance of AF (Figure
2.3), including the multiple wavelet hypothesis (Moe and Abildskov, 1959) and the rotor and focal
sources hypothesis (Mandapati et al., 2000; Jalife, 2003). The multiple wavelet hypothesis
suggests that AF is sustained by numerous reentrant wavelets circulating throughout the atria,
with their random interactions and collisions leading to the perpetuation of the arrhythmia. The
rotors and focal sources hypothesis, on the other hand, suggests that AF is driven by a smaller
number of high-frequency sources, which can be either stable rotors or focal triggers, with the

surrounding atrial tissue being activated by these drivers.

2.1.3.2.Atrial Fibrillation Diagnosis and Evaluation

Diagnosing atrial fibrillation typically involves a combination of clinical assessment,
electrocardiography (ECG), and sometimes additional imaging or monitoring techniques. The
ECQG is the primary diagnostic tool, as it records the electrical activity of the heart and can reveal
the irregular and rapid atrial activity characteristic of AF. Atrial fibrillation is typically
characterized by irregular, fast atrial activity without discernible P waves and irregular RR
intervals, as evidenced by the ECG (Figure 2.4). The European Society of Cardiology establishes
an ECG longer than 30 seconds with no discernible P-waves and irregular RR intervals as a

requirement to establish the diagnosis of AF (Hindricks et al., 2021).
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Figure 2.3. Current hypothesis for AF maintenance. From Guillem et al., 2016. (A) Ectopic focus
on the pulmonary vein. (B) Example of rotor. (C) Multiple wavelets representation. (D) Rotor
formation by an ectopic. (E) Breakthroughs provoked by a transmural rotor. (F) Multiple wavelets

provoked by a transmural drifting rotor (blue).
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Figure 2.4. ECG of a sinus rhythm and atrial fibrillation signal. Adapted from (Guillem, 2008)

In addition to the traditional diagnostic tools, there exist multiple technologies available that

help to AF screening before confirming a diagnosis. Wearable devices as smartwatches (Turakhia
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etal., 2019), smartphone photoplethysmography, wearable belts, etc., are becoming essential tools

for the early diagnosis of AF and other cardiac arrhythmias (Hindricks et al., 2021).
2.1.3.3.Clinical Management of Atrial Fibrillation

Treatment strategies for AF typically revolve around three main objectives: anticoagulation,

rate control, and rhythm control (Hindricks et al., 2021).

- Anticoagulant drugs act as a prevention barrier for stroke episodes provoked by

thromboembolic complications. AF patients are evaluated based on valvulopathies and
stroke risk with the CHA,DS,-VASc (Lip et al., 2010) and HAS-BLED scores (Pisters et
al., 2010) before the anticoagulant prescription. There are two types of oral
anticoagulants: vitamin K antagonists (VKAs), such as warfarin, and non-vitamin K
antagonist oral anticoagulants (NOACs), which include dabigatran, rivaroxaban,
apixaban, and edoxaban. NOACs have acquired general acceptance since their
pharmacokinetics are more predictable, they have fewer pharmacological and food
interactions, and they have a demonstrated reduced risk of cerebral hemorrhages (Ruff et

al., 2014).

- Rate control aims to slow down the ventricular response to the rapid atrial activity, often
using medications such as B-blockers, calcium channel blockers, digoxin, or combination
therapy. The need for rate control in AF patients is diagnosed based on the comorbidities

of the patients, the symptoms, and the failure of rhythm control (Van Gelder et al., 2016).

- Rhythm control involves the use of antiarrhythmic drugs (AADs) to restore and maintain
normal sinus rhythm and improve the quality of life of symptomatic AF patients (Sethi et
al., 2017). Based on their mechanism of action, AADs are divided into four major classes:
class I (sodium channel blockers), class II (B-blockers), class III (potassium channel
blockers), and class IV (calcium channel blockers). The type of AAD used is determined
by the patient's clinical profile, the existence of structural heart disease, and the risk of
adverse effects. Amiodarone, flecainide, propafenone, sotalol, and dronedarone are some
of the most regularly utilized AADs for rhythm regulation in AF. In addition to
pharmacological rhythm control, external cardioversion is an alternative to
pharmacological cardioversion for hemodynamically unstable patients and in emergency

situations.
2.1.3.4.Catheter ablation in atrial fibrillation

While some patients may experience a resolution of their symptomatic AF with appropriate

treatment, a definitive cure for the condition remains elusive. Catheter ablation, in particular, has
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shown promise in achieving long-term freedom from AF in selected patients and a superior
alternative to antiarrhythmic drugs (Jais et al., 2008). The primary goal of AF ablation is to
eliminate the triggers and substrate that maintain the arrhythmia, thus restoring and maintaining

normal sinus rhythm.

Catheter ablation is a minimally invasive procedure that is used to target and isolate the
pulmonary veins (Fig. 2.5A) (Haissaguerre et al., 1998). Pulmonary vein isolation (PVI) has been
demonstrated to be effective in the treatment of paroxysmal AF, with success rates ranging from
60% to 80% (Calkins et al., 2012, 2017). Lower success rates (from 43% to 69%) of PVI-only
ablation have been found for persistent AF patients (Clarnette et al., 2018).

The large differences between the percentages of successful PVI interventions with freedom of
arrhythmia are mainly associated to the progression of AF and the subsequent cardiac remodeling.
In order to improve PVI outcomes in more advanced stages of AF, additional anatomical
structures and AF drivers are targeted. These include posterior wall isolation, left atrial appendage
(LAA) and superior vena cava (SVC) isolation, and driver-guided ablation (Fig. 2.5B-D) among

others.

Figure 2.5. Representation of the typical lesions employed in AF ablation. A. Circumferential
pulmonary vein isolation. B. Addition of roof line ablation and mitral isthmus line. C. Addition

of linear ablation between pulmonary veins and superior vena cava isolation. D. Driver ablation.

In addition to PVI, posterior wall isolation is performed in nearly of 40% of repeated ablations
(Calkins et al., 2017), but there is a lack of evidence that it improves ablation outcomes compared

to PVI only due to inconsistent results (Kim et al., 2015). Several studies discussed the benefits
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of LAA isolation (Parameswaran et al., 2021), with randomized clinical trials as the BELIEF
study (Di Biase et al., 2016) showing a 20% of outcome improvements compared to PVI only.
Isolation of other anatomical structures as SVC has not been demonstrated to improve ablation

outcomes, as analysed by systematic reviews (Sharma et al., 2017).

Dominant frequency ablation has also tried to improve the clinical outcomes of PVI. In first
studies of Atienza et al. (2009), they ablated regions of high dominant frequencies (HDF) with
radiofrequency catheters (Fig. 2.6A). In this study, the authors predicted sinus rhythm
maintenance based on the observed elimination of DF gradients during the ablation procedure.
Despite it has been demonstrated the acute AF termination after ablating HDF sites (Sanders et
al., 2005), later randomized trials showed comparable results to PVI only, with no additional

benefits (Atienza et al., 2014).

The existence of high-frequency rotors observed in the isolated heart (Jalife, 2003) has led to
including rotor ablation as a strategy for AF termination. Narayan et al. (2013) led the trials on
focal impulse rotor modulation (FIRM) using a 64-lead basket catheter that mapped the atrial
surface and detected and ablated stable rotors in both atria with increasing the outcome compared
to PVI-only (Fig. 2.6B). Nevertheless, there is still controversy on rotor ablation due to no
incremental benefit demonstrated in clinical trials (Terricabras et al., 2020). The existence of new
noninvasive mapping technologies as electrocardiographic imaging, has lead into multiple studies
of rotor ablation as the AFACART study (Knecht et al., 2017) with improvement on the number
of persistent AF patients free from AF up to 76.8% 12 months after the ablation.

Further approaches as the ablation of complex fractionated atrial electrogram (CFAE) ablation
(Fig. 2.6.C) target areas with complex and disorganized electrical activity and low voltage areas
(Nademanee et al., 2004). CFAE ablation has been implemented rapidly by multiple centers in
clinical practice but with no additional benefit demonstrated (Vogler et al., 2015). Moreover, it
has been stated that CFAE ablation has proarrhythmic consequences due to the extension of the
ablated tissue that may affect the final clinical outcomes on the ablation (Parameswaran et al.,

2021).
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Figure 2.6. A. Intracardiac dominant frequency map from (Atienza et al., 2009) of a paroxysmal
AF patient with a detection of a HDF on the right superior pulmonary vein. B. FIRM map from
(Narayan et al., 2013) of a rotor detected on the right atrium and a focal source detected on the
left atrium C. Biatrial CFAE map from (Nademanee et al., 2006): red color representing the areas

that have the most persistent CFAEs, whereas the gray areas represent part of the atrium that have
no CFAEs.

Fibrosis identification by late gadolinium enhancement MRI (LGE-MRI) permits the inclusion
of this information in the ablation procedures providing more information about the atrial
substrate. Nevertheless, randomized trials such as the DECAAF-II (Marrouche et al., 2022) or
ALICIA (Bisbal et al., 2020) trials with fibrosis-guided ablation did not improve ablation
outcomes compared to PVI-only ablation. The main limitation of fibrosis ablation is that it is
strongly dependent of the threshold used in the imaging segmentation of the scar quantification

(Harrison et al., 2014).

It is essential to note that AF ablation carries some risks, such as vascular access complications,
cardiac tamponade, and pulmonary vein stenosis, among others. Furthermore, the attempts of
improving PVI-only outcomes by isolating additional atrial structures and ablating AF drivers are
still controversial methods with contradictory indications in the literature. Therefore, a careful
patient selection and a thorough pre-procedural evaluation are critical factors in achieving

favorable ablation outcomes and minimizing complications.
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2.2. The electrocardiogram

The electrocardiogram (ECG) is a widely used, noninvasive diagnostic tool for assessing
cardiac electrical activity. It was first introduced by Willem Einthoven in the early 20th century
(Einthoven, 1906) and has become an essential tool in the diagnosis and management of various

cardiac conditions, including arrhythmias, myocardial ischemia, and infarction.

The ECG consists of a set of electrodes used to record the electrical signals generated by the
heart as they propagate through the body. ECG signals are detected by electrodes placed on the
patient's skin in specific locations. The limb electrodes are placed on the right and left arms and
left leg, while the precordial leads (V1-V6) are placed on the patient's chest in a specific location
depicted in Fig. 2.7.
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Figure 2.7. Representation of the 12-Lead ECG and Einthoven's triangle. Leads I, II, and III are
located on the three edges of the triangle, while the augmented leads (aVR, aVL, and aVF) are
positioned between the vertex and midpoint of each side. The potential difference between every
precordial recording site and the Wilson Central Terminal (WCT), which represents the average
potential of the vertices in the Einthoven triangle, is utilized to establish the precordial leads (V1-

V6).

Limb leads (I, II, and III) define a triangle with the heart in the center named Einthoven's
triangle. By subtracting the electrical activity recorded on the limbs, the 3 first ECG leads are
defined. Additionally, the augmented leads (aVR, aVL, and aVF) show the augmented electrical
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activity of lead I to III by measuring the difference in electrical potential between one limb
electrode and a reference point, known as Wilson's central terminal. The Wilson's central terminal
is a calculated reference point derived from the average of the potentials measured by the three
limb electrodes. Finally, the precordial leads (V1 to V6) are used to register the electrical potential
between each precordial electrode and the Wilson's central terminal, they allow a better

assessment of the anterior and lateral regions of the heart.

Each lead of the 12-lead ECG gives a distinct perspective on the electrical activity of the heart,
allowing for the diagnosis of various abnormalities in various areas of the heart. It is an essential
tool for clinicians that can identify arrhythmias, ischemia, infarction, and other heart disorders by

studying ECG waveforms.

2.3. Body Surface Potential Mapping

The conventional 12-lead ECG is a valuable tool in clinical practice for arrhythmia diagnosis,
yet it may not be sufficient for characterizing complex arrhythmias. The characterization of
arrythmias with more complex electrical patterns requires a major number of leads distributed
across the torso for its proper quantification because the multiple wavefronts present cannot
always be observed in the 12-lead ECG, and require a more comprehensive coverage for an
accurate assessment (Taccardi, 1963). Furthermore, the increased surface covered by BSPM
electrodes increases the surface with a preferential projection from the atria, since the 12-lead

ECG preferentially shows the ventricular activation.

Body Surface Potential Mapping (BSPM) is a noninvasive electrocardiographic technique that
involves the use of multiple electrodes distributed across the patient's torso to record cardiac
electrical activity. The minimal number of electrodes for the correct quantification of arrhythmias
using BSPM has been set between 23 and 30 leads (Lux et al., 1978; de la Guillem et al., 2009).
Nevertheless, the usual number of electrodes used with this technology ranges between 32 and
256 electrodes. An example of BSPM representation of the electrical propagation registered

through the torso at a time instant is presented in Figure 2.8.:
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Figure 2.8. Representation of 64-lead BSPM potentials in a time instant on a patient's torso

reconstructed with photogrammetry. Black dots represent the electrode location.

2.3.1. Body Surface Potential Mapping in atrial fibrillation

Several studies have demonstrated the utility of BSPM in identifying the sources of atrial
fibrillation. In 2009, Guillem et al. showed that atrial propagation patterns can be identified in the
BSPM maps. Later, Guillem et al. (2013) demonstrated that it is possible to characterize AF with
BSPM recordings and identify the atrium with the highest frequency (Fig. 2.9A). Besides, the
DFs identified by BSPM were comparable to the DFs obtained with intracardiac recordings with
a correlation higher than 0.92. In addition, in 2014, Rodrigo et al. showed the ability of BSPM
for the identification of AF reentrant drivers after band-pass filtering the signals at the HDF (Fig.
2.9B). These studies demonstrated that it is possible to find AF drivers non-invasively with more

regional information than the standard 12-lead ECG.
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Figure 2.9. A. Intracardiac dominant frequency map and equivalent BSPM showing the highest
DF at the right atrium adapted from (Guillem et al., 2013). B. Identification of atrial fibrillation
rotors on BSPM, adapted from (Rodrigo et al., 2014) .

Additionally, several studies have used BSPM for a wider evaluation of atrial substrate during
AF, analyzing the complexity of AF signals and linking them to the AF progression,
demonstrating its power to discriminate between short- and long-term AF (Bonizzi et al., 2014).
Furthermore, BSPM has been used for patient stratification for ablation treatments, showing its
power for AF ablation outcome prediction (AUC = 0.7) (Meo et al., 2018). The latest BSPM
studies address the analysis of the signals in order to detect the repetitiveness of the AF dynamics,
with the aim of better characterizing and understanding AF and its electrical propagation , while
establishing a correlation with the AF substrate and electro-structural remodeling (Bonizzi et al.,

2020).

2.4. Electrocardiographic Imaging

Electrocardiographic Imaging (ECGI) is a noninvasive cardiac imaging technique that
combines body surface potential mapping with imaging data of the heart and torso to reconstruct
the electrical activity on the heart's surface (Fig. 2.10), providing more cardiac regional
information compared to BSPM. For computing ECGI, a realistic torso geometry from the patient
can be obtained through segmentation of MRI or CT scan images, or by using more contemporary
techniques such as photogrammetry (Remondino, 2004). Similarly, cardiac geometry can be

derived from the segmentation of MRI or CT scan images.
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Figure 2.10. Scheme with the steps for the acquisition of ECGI signals. Acquisition of BSPM

signals with the obtention of the patient's torso and heart geometries used to obtain ECGI maps

that represent the epicardial atrial activity.

ECGI has shown promising results in the diagnosis, evaluation, and treatment of various cardiac
arrhythmias, including atrial fibrillation. ECGI offers increased spatial resolution compared to
invasive mapping, enabling a better understanding of the underlying mechanisms of arrhythmias,
and facilitating the development of targeted treatment strategies. In the following subsections the
forward and inverse problems are described in order to understand the mathematical workflow

necessary to obtain ECGI signals.
2.4.1. Forward Problem of electrocardiography

The forward problem in ECGI involves modeling the relationship between the cardiac electrical
activity on the heart's surface and the potential distribution on the body's surface (MacLeod and
Buist, 2010). In order to adequately tackle this problem, a description of the heart and body
surfaces, accounting for the distinct conductivities of the anatomical structures between the heart
and torso surface, as well as the tissue conductivities of each of these regions, is necessary
(Horacek and Clements, 1997). The relationship between the heart (X) and torso potentials (Y)
can be defined by a transfer matrix (A) (Barr and Spach, 1977) as in Equation 1. The matrix A is
not dependent on the electrical activity, and it is typically considered to be time-invariant and is

not generally squared, hence it is not invertible (Pullan et al., 2014).
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Y = AX (1

In this context, the matrix A can be computed using different methodologies as the finite element
method (FEM) (Wang et al., 2010), the boundary element method (BEM) (MacLeod and Buist,
2010), and the method of fundamental solutions (MFS) (Wang and Rudy, 2006).

BEM and FEM approaches need topological links between nodes to transform Laplace's
equation into a surface integral form using Green's theorem. Because BEM is based on surface
integrals, boundary potentials are discretized and considered to be built as linear combinations of
fundamental functions (Barr and Spach, 1977; Fischer et al., 1999). The comparison between
BEM and FEM to ECG problems has shown that with equal degrees of discretization, BEM
produces fewer mistakes and uses less computing time than FEM, and for this reason is more
widely used (Hernandez-Romero et al., 2023). In the context of this thesis, BEM was utilized for
the computation of both the forward and inverse problems. Matrix A was computed as described

in the following equation:

A= [DTT - GTHGI-YI:-LIDHT]_1 ' [GTHGHHDHH - DTH] (2)

where D is the coefficient matrix that represents the contribution of the potential of a bounding
surface to another, G is the coefficient matrix representing the contribution of the voltage gradient
between two surfaces, the subindex T refers to the surface of the torso, and H the surface of the

heart (Pedron Torrecilla et al., 2015).

2.4.2. Inverse Problem of electrocardiography

The inverse problem of electrocardiography refers to the process of the reconstruction of
electrical activity on the heart's surface using recorded body surface potentials. This is a
mathematically ill-posed problem, which means that minor inaccuracies in the input data can lead
to considerable errors in the reconstructed solution. To address this issue, many regularization
approaches, such as Tikhonov regularization and L-curve optimization, have been developed to
stabilize the inverse solution (Tikhonov and Arsenin, 1977). Tikhonov regularization has been
widely used for the obtention of ECGI signals, especially for atrial fibrillation (Salinet et al., 2021;

Hernandez-Romero et al., 2023) and consists in minimizing Equation 3:

X = argmin[||AX = Y13 + A|LX||3] )
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Where X are the estimated epicardial potentials, X are the epicardial potentials, A is the transfer
matrix that relates the epicardial potentials and the BSPM signals, Y are the surface potentials, A
is a regularization parameter, and L is a squared matrix which can take different formulations and
defines the order of Tikhonov regularization. For zero-order Tikhonov, L equals the identity
matrix and imposes a limit on the magnitude of the solution. For first-order Tikhonov, L equals
the gradient operator, and for second-order of Tikhonov equals the Laplacian surface operator,

providing a less smooth inverse solution (Pullan et al., 2014).

Multiple approaches have been applied for computing ECGI signals, like the Generalized
Minimal Residual method (Calvetti et al., 2002), singular value decomposition (Figuera et al.,
2016), iterative approaches (Van Oosterom and Van Dam, 2005; Borras and Chamorro-Servent,
2021), and hybrid combinations between Tikhonov-GMRes methods (Ramanathan et al., 2003).
However, Zero-order Tikhonov regularization has been used and compared with other
regularization alternatives, but the vast majority of the studies using atrial signals use this

regularization approach (Salinet et al., 2021).

The A value can be chosen by multiple approaches. One of the most common approaches is L-
curve optimization (Hansen, 1992), which consists in selecting the value that reflects a trade-off
in the minimization of the two terms in equation 3 or, practically by selecting the corner of the
curve resulting from displaying term ||AX — Y||35 vs. term ||LX||3 (Pullan et al., 2014). The larger
the regularization parameter, the more aggressive smoothing of the estimated potentials, which
results in a better rejection of noise at the expense of reduced temporal and spatial resolution (Fig.

2.11).
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Figure 2.11. Illustration of the L-curve optimization. For each regularization parameter, the
logarithmic values of the observed errors from the solution (horizontal) and the residual errors
(vertical) are shown (Hansen and O’Leary, 1993). The best regularization parameter value is in

the corner (point of maximum curvature) of the L-curve.

2.4.3. ECGI for atrial fibrillation

Electrocardiographic imaging has emerged as a valuable tool for identifying atrial fibrillation
drivers and guiding clinical therapy. ECGI enables non-invasive acquisition of electrical
propagation maps, which are highly valuable for detecting AF drivers. Given the rapid and
unstable nature of atrial activity in this arrhythmia, ECGI holds a clear advantage over intracardiac
mapping. ECGI can capture higher spatial resolution maps in a shorter time frame, eliminating
the need for progressive catheter mapping, which has lower resolution and requires more time to

generate a map, thereby prolonging the ablation procedure.

Frequency analysis of ECGI signals provides information of the activation rate of the atrial
tissue, which is valuable for understanding AF mechanisms helping the noninvasive identification
of atrial regions that sustain AF. The ability of ECGI to detect HDF regions has been demonstrated
in mathematical simulations and in real data (Pedron-Torrecilla et al., 2016). Despite some
limitations in the obtention of the DFs relative to false harmonic detection as the real DF, ECGI
has been demonstrated as a reliable tool for DF detection with good correlation with intracavitary

data (Fig. 2.12A) (Rodrigo et al., 2021).
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In addition to spectral analysis, phase mapping is a widely used technique in ECGI for
identifying reentries (Zlochiver et al., 2008; Rodrigo et al., 2017a). By encoding different cardiac
cycle stages with phase values between -n and =, it provides a description of the electrical state
during activation cycles. Phase mapping and reentrant activity detection, as well as the DF
analysis, has been validated with intracardiac data (Fig. 2.12B) with good correlation in the

location of the reentries on the atrial surface (Rodrigo et al., 2020).
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Figure 2.12. A. Dominant frequency of intracardiac and ECGI maps adapted from (Rodrigo et
al., 2021) B. Phase singularity of intracardiac and ECGI phase maps, adapted from (Rodrigo et
al., 2020)

Several investigations have found ECGI to be a reliable method for detecting and localizing
reentrant activity in the atria in order to guide AF ablations (Cuculich et al., 2010; Haissaguerre
et al., 2013, 2014), see Fig. 2.13. ECGI has also been used for patient stratification, revealing
differences in driver locations between patients with acute termination and those with
unsuccessful termination outcomes (Gao et al., 2019). More recent studies have explored the
potential of preoperative noninvasive mapping for the characterization of AF in combination with

other ablation procedures to personalize interventions in combined cardiac surgeries (Ehrlich et

54



Chapter 2. ECGI for atrial fibrillation

al., 2019; Osorio- Jaramillo et al., 2020). The most recent studies confirm the ability of ECGI to
improve ablation outcomes of AF patients by guiding the ablation of extra-pulmonary sources

(Honarbakhsh et al., 2022).

Figure 2.13. A. ECGI phase maps showing a clockwise rotor in the posterior left atrial wall

(Haissaguerre et al., 2014). B. Sequential views of a rotational potential driver originating from

the left superior pulmonary vein as shown on the ECGI prior PVI, (Dhillon et al., 2022).

In addition to ECGI, its application combined with structural information, such as fibrosis data
collected from late gadolinium MRI images, has shown potential in finding reentrant activity
surrounding fibrotic regions (Roney et al., 2016; Cochet et al., 2018). Moreover, modeling patient
fibrosis and combining it with ECGI has shown better results in AF characterization (Boyle et al.,

2018), which could improve therapy guidance.

Despite the demonstrated usefulness of ECGI in identifying relevant AF drivers and its potential
in guiding ablation therapy, ECGI is not typically used for guiding ablation procedures due to
challenges such as the need for collecting and analyzing BSPM signals, additional time and cost,
trained personnel, the AF irregularity, and the use of ionizing radiation in CT scans or compatible
equipment in MRI cases for the obtention of heart geometry. Nevertheless, ECGI has proven to
be valuable in identifying AF drivers and has the potential to become a standard tool in ablation

procedures.
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2.5. Cardiac Modelling

Cardiac mathematical modeling is a powerful tool in the study and understanding of atrial
fibrillation and other cardiac arrhythmias. By employing mathematical models and computer
simulations, we can investigate the underlying mechanisms of AF, develop new diagnostic and
therapeutic strategies, predict patient-specific outcomes and evaluate and develop new algorithms

for the development noninvasive techniques as ECGI.
2.5.1. Cellular level modelling

At the cellular level, mathematical models of cardiac cells can help elucidate the
electrophysiological processes responsible for the initiation and maintenance of AF. In 1952,
Hodgkin and Huxley, presented the first mathematical model that describes the electrical activity
of a cell (Fig. 2.14). Their work laid the foundation for understanding the ionic mechanisms
underlying the generation and propagation of action potentials in excitable cells, including cardiac

cells.
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Figure 2.14. Cell model from Hodgkin and Huxley, extracted from (Jalife et al. 2009).
Membrane voltage (Vm) is determined by the charge of the membrane capacitor (Cm), which is
controlled by the ionic channels (represented as variable resistors or conductances) that represent

the various ionic currents.
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Since then, numerous mathematical models have been developed to represent various types of
cardiac cells, such as atrial, ventricular, and pacemaker cells. In 1962, Noble adapted the Hodgkin
and Huxley model to cardiac Purkinje and pacemaker cells. Noble's adaptation has been
posteriorly improved due to the characterization in multiple patch-clamp studies of the ionic
currents of the channels involved in the development of the action potential of cardiac cells. With
the experimental characterization, the models started to incorporate more detailed equations that
describe the activity of the ion channels, pumps, and exchangers responsible for the flow of ions

across the cell membrane.

2.5.2. Atrial cell mathematical models

Over the last decades, multiple models of atrial cell electrophysiology have been developed to
better understand the action potential dynamics (Déssel et al., 2012). The two primary models
from Courtemanche et al. (1998) and Nygren et al. (1998) are used to reconstruct the action
potential using differential equations based on experimental data from non-human mammals.
Maleckar et al. (2008), re-implemented the Nygren model improving the description of ion
currents relative to repolarization. Later, Koivuméki et al., (2011) presented a model that
accounted for the atrial spatiotemporal characteristic of the sarcoplasmic reticulum, extending the
Nygren and Maleckar's models. The same year, Grandi et al., (2011) presented a model that
incorporated experimental data that describes intracellular calcium ions and introduced B-
adrenergic and cholinergic regulation of cellular function to the regime of human atrial cell
models. A comparison of these models was done by Wilhelms et al., (2013), describing and

assessing the singularities of each of them (Fig. 2.15).
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Figure 2.15. Models of human atrial electrophysiology, (Wilhelms et al., 2013). (A) Cell
membrane schematic with various predicted ionic currents and intracellular ion concentrations.
(B) Diagram of calcium management with several compartments and model currents. (C) APs

and intracellular calcium concentrations (D) after 50 seconds of pacing with a BCL of 1 second.

2.5.3. Tissue level modelling

In recent years, multiscale modeling approaches have emerged, integrating cellular models with
tissue and whole-heart models to provide a comprehensive understanding of AF dynamics. These
approaches enable the investigation of the interplay between cellular processes and macroscopic

phenomena, such as wave propagation and reentrant activity, which are critical in sustaining AF.

The behavior of electrical propagation through the tissue can be modeled using reaction-
diffusion models, which allow the computation of the current received by each atrial
cardiomyocyte from the connected neighboring simulated cells. A critical aspect of tissue-level

modeling in atrial fibrillation is accounting for the anisotropy of the cardiac tissue.

Two common approaches for modeling electrical propagation in cardiac tissue are the
monodomain and bidomain models. The monodomain model is represented by a single partial
differential equation (PDE) that describes the electrical propagation in the tissue with equal

anisotropy ratios:
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where ¢ is the conductivity tensor, Cn is the membrane capacitor, Vy, is the transmembrane
potential, B is the membrane surface-to-volume ratio, and I, represents the sum of the ionic

current (Ddossel et al., 2012).

On the other hand, the bidomain model is more complex and takes into account the separate
intra- and extracellular domains within the cardiac tissue. The bidomain model consists of two

coupled PDEs:

V:(0; VW) = BUm — Lse) (6)

V(0 W)= -8y — L) (7

where 6; and o, are the intracellular and extracellular conductivity tensors, respectively, Vi and
V. are the intracellular and extracellular potentials, I, the transmembrane current and I and L

the extra- and intracellular externally applied current sources (Ddssel et al., 2012).

Both models consider the electrical current ions of neighboring cells, but the monodomain
model is easier to solve and consequently faster (Colli Franzone et al., 2005). On the contrary,
bidomain simulations must be used to study more complex situations as electrical cardioversion

(Trayanova, 20006).

In addition to understand better the behavior of atrial tissue and the use of the mathematical
models for pharmacological research between others, tissue-level models are essential for the
development of ECGI research. Multiple studies have used atrial-level models in other to validate
regularization algorithms (Figuera et al., 2016; Camara-Vazquez et al., 2021) and develop and
validate post-processing methodologies for noninvasive driver detection (Pedron-Torrecilla et al.,
2016; Rodrigo et al., 2017b; Boyle et al., 2018). In this thesis, we utilized atrial mathematical
simulations using Kouvimaéki's model for atrial electrophysiology and the monodomain approach
to model the electrical propagation through the cardiac tissue, as it offers a balance between
computational efficiency and the level of detail necessary to accurately simulate the behavior of

the atrial tissue during arrhythmias.
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2.5.4. Geometrical models

Modeling the whole atria in 3D involves creating a geometric representation of the atrial
anatomy and defining the spatial distribution of the electrophysiological properties, such as cell
types, fiber orientation, and regional heterogeneities (Fig. 2.16). This information can be obtained
from medical imaging techniques, such as MRI (Krueger et al., 2014; Boyle et al., 2018) or CT
scans (Hwang et al., 2014).

Compared to the ventricles, the atrial wall thickness permits the use of both simplified
monolayer (Jacquemet et al., 2006) or bilayer models (Qu et al., 2016) and more complex
volumetric meshes with nodes along the atrial wall (Gonzales et al., 2013). Furthermore,
geometric models of the atria can be further enhanced by incorporating information on fiber
orientation, which significantly influences the electrical propagation in the tissue. Techniques like
diffusion tensor imaging (DTI) can provide valuable data on fiber orientation and can be
integrated into the atrial models to improve their accuracy (Krueger et al., 2011). Additionally,
the inclusion of fibrosis data in the models can provide valuable insights into the role of structural

remodeling in AF to better represent the heterogeneity of the atrial tissue (Boyle et al., 2019).

(a) (b) (c) (d)

Figure 2.16. Example of a detailed 3D human atrial model from (Ferrer et al., 2015). (1) 21

atrial regions divided in colors. (2) Preferential conduction bundles. (3) Principal fiber direction.
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Besides, geometrical models serve a crucial role in testing the efficacy of ablation therapies
(Aslanidi et al., 2011). The significance of the pulmonary veins in AF has led to further
exploration of simulated ablations in studies focused on the left atrium (Verma et al., 2020; Roney
et al., 2022a, 2022b). The use of detailed patient-specific geometrical models is focused on
optimizing treatment strategies tailored to individual patients (Aronis et al., 2019). Although
personalized models offer great utility in creating patient-specific simulations, shape uncertainty
can impact the prediction of reentries, emphasizing the importance of anatomical accuracy for
accurate simulations (Corrado et al., 2023). Conversely, large-scale in-silico studies may benefit
from a greater number of less detailed geometries provided by shape models, enabling a broader

investigation of atrial arrhythmias (Nagel et al., 2021).
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Chapter 3

Effects of Torso Mesh Density and Electrode
Distribution on the Accuracy of Electrocardiographic

Imaging During Atrial Fibrillation

Rubén Molero'*, Ana Gonzalez-Ascaso', Ismael Hernandez-Romero!, David

Lundback-Momp4?, Andreu M. Climent!, Maria S. Guillem!

Abstract

Introduction: Electrocardiographic Imaging (ECGI) allows computing the electrical activity
in the heart non-invasively using geometrical information of the patient and multiple body surface
signals. In the present study we investigate the influence of the number of nodes of geometrical
meshes and recording ECG electrodes distribution to compute ECGI during atrial fibrillation
(AF).

Methods: Torso meshes from 100 to 2000 nodes heterogeneously and homogeneously
distributed were compared. Signals from nine AF realistic mathematical simulations were used
for computing the ECGI. Results for each torso mesh were compared with the ECGI computed
with a 4000 nodes reference torso. In addition, real AF recordings from 25 AF patients were used
to compute ECGI in torso meshes from 100 to 1000 nodes. Results were compared with a
reference torso of 2000 nodes. Torsos were remeshed either by reducing the number of nodes
while maximizing the overall shape preservation and then assigning the location of the electrodes
as the closest node in the new mesh or by forcing the remesher to place a node at each electrode
location. Correlation coefficients, relative difference measurements and relative difference of
dominant frequencies were computed to evaluate the impact on signal morphology of each torso
mesh.

Results: For remeshed torsos where electrodes match with a geometrical node in the mesh, all
mesh densities presented similar results. On the other hand, in torsos with electrodes assigned to
closest nodes in remeshed geometries performance metrics were dependent on mesh densities,
with correlation coefficients ranging from 0.53 £ 0.06 to 0.92 & 0.04 in simulations or from 0.42
+ 0.38 to 0.89 £ 0.2 in patients. Dominant frequency relative errors showed the same trend with
values from 1.14 + 0.26 to 0.55 £ 0.21 Hz in simulations and from 0.91 £ 0.56 to 0.45 = 0.41 Hz
in patients.

Conclusion: The effect of mesh density in ECGI is minimal when the location of the electrode
is preserved as a node in the mesh. Torso meshes constructed without imposing electrodes to
constitute nodes in the torso geometry should contain at least 400 nodes homogeneously
distributed so that a distance between nodes is below 4cm.
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Guillem, “Effects of torso mesh density and electrode distribution on the accuracy of electrocardiographic
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Chapter 3. Introduction

3.1. Introduction

Electrocardiographic imaging (ECGI) is a non-invasive technique that can be used to estimate
the electrical activity of the heart from surface electrocardiographic signals. ECGI offers multiple
clinical applications, such as ablation guidance in atrial fibrillation (AF) patients. ECGI requires
to use torso and heart geometries together with electrical recordings from the patient. Firstly,
surface electrodes placed over the torso are used to record electrical signals. Additionally, the
heart geometry is usually obtained from medical images (magnetic resonance imaging or axial
computerized tomography) (Salinet et al., 2021), and the torso geometry can be derived from
photogrammetry (Rodrigo et al., 2018), with latter reconstruction creating triangular or polygonal
meshes (van der Graaf et al., 2016). Once these elements are acquired, the inverse problem can
be solved and epicardial potentials are estimated, which can be used to compute dominant

frequencies or rotor-related metrics (Rodrigo et al., 2017a).

The properties of the 3D torso geometry have been proven to affect the calculation of the ECGI.
Accurate reconstructions (Messinger-Rapport and Rudy, 1990) of the anatomy of the patient’s
body and the use of real dimensions in the torso model (Jamison et al., 2011) show more precise
results. Incorporation of inner organs into the geometry of the problem has not shown a major
impact on the shape of ECGI potentials (Ramanathan and Rudy, 2001). However, additional

geometrical effects should be carefully considered in order to achieve a sufficient resolution.

The objective of this study is to evaluate the repercussion of the number of nodes of the torso
geometry mesh and their distribution on the resolution of the ECGI using both AF simulations
and real recordings from AF patients. We hypothesized that there is an effect on the ECGI
reconstruction quality related to the number of nodes on the torso mesh used independently of the
number of ECG electrodes that record the signal. A careful analysis will allow us to establish a
threshold to ensure good performance while keeping the computing time as low as possible. We
studied two different remeshing situations based on the positioning of body surface electrodes.
The first was maintaining the electrodes in the original position while remeshing the rest of the
torso to quantify the effect of mesh density and distribution on the morphology of ECGI signals,
and our second remeshing alternative was to remesh the whole torso surface to maximize
resemblance between original and remeshed volumes, and then we reassign the electrode nodes
as those with the smallest Euclidean distance between the original and remeshed torso geometries,
in order to quantify the effect of electrode displacement as a consequence of remeshing. We
compared the electrocardiographic signals (ECGI) using time metrics: the Pearson’s correlation
coefficient (CC), the relative difference measurement (RDM*) and errors in dominant frequency

estimation. To obtain the ECGI potentials, we used real torso geometries from AF patients with

66



Chapter 3. Materials and methods

different geometrical resolutions, 9 electrophysiological AF simulations, and 25 ECGI recordings

from AF patients.

3.2. Materials and methods

To analyze the effect related with node variations of torso geometry on the ECGI, we first
created the torso models with different numbers and distribution of nodes, then computed the
respective inverse electrograms, and finally compared the results using time metrics (CC and

RDM*) and dominant frequencies related maps and metrics.
3.2.1. Study population - Data acquisition

3.2.1.1.Simulation data

Cardiac electrophysiological simulations lasting for 10 seconds included in this study were
created using the same cardiac geometry and different AF episodes. A realistic 3D model of the
atrial anatomy composed of 284,578 nodes and 1,353,783 tetrahedrons was used for creating the
simulations (Rodrigo et al., 2017b). Variation of ionic current parameters was introduced in
Ik,ACH, IK1, INa and ICaL to simulate electrical remodeling and allow the maintenance of atrial
fibrillation. Fibrotic tissue was modeled by disconnecting a percentage of nodes between 20%
and 60% and scar tissue by disconnecting 100% of nodes in the scar region. The system of
differential equations was solved by using Runge—Kutta integration on a graphic processors unit
(NVIDIA Tesla C2075 6G), (Rodrigo et al., 2017b). AF was induced by implementing an S1 S2
protocol, with the S2 stimulus applied at different locations in the atria, thus producing different

AF patterns.
3.2.1.2.Patient data

The electrical recordings from 25 atrial fibrillation patients from Hospital Gregorio Marafion,
Madrid, Spain (Ethics Committee Approval 475/14) described elsewhere (Rodrigo et al., 2020),
(Molero et al., 2021) were used. To record the signals 57 electrodes distributed on the torso of the
patients were employed. The atrial geometries were also obtained from the same patients using
Magnetic Resonance Imaging, and the 3D models were segmented through ITK-Snap
(Yushkevich et al., 2006) and Autodesk Meshmixer (Schmidt and Singh, 2010). Furthermore, the
torso models were obtained from photogrammetry, and 3D geometries consisting of triangular

meshes were constructed (Remondino, 2004) and refined with Autodesk Meshmixer.
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3.2.2. Data processing

3.2.2.1.Torso remeshing

In order to evaluate the effect of torso mesh density on the morphology of the electrograms after
resolution of the inverse problem of electrocardiography, we constructed torso meshes with a
reduced number of nodes departing from the finest torso meshes available. We used as reference
the torso meshes constructed for each patient, constituted of at least 2000 nodes. The epicardial
potentials computed for each of the electrophysiological models were placed in the same position
as the original heart inside the thorax. In order to calculate body surface potentials for the
computer model simulations, we chose 10 different patient meshes of 4000 nodes. An
inhomogeneous remeshing of torso geometries down to 100, 200, 400, 500, and 1000 nodes for
patients (plus a 2000 nodes mesh for cardiac simulations), maximizing shape preservation was
performed with MATLAB built-in functions (see Figure 3.1A). In order to quantify the impact on
ECGI resolution of the homogeneity of the distance of the nodes in the mesh, we also constructed
meshes with a homogeneous distribution of nodes based on an iterative approach (Manu, 2022)
(see Figure 3.1B). Properties of the different torso meshes used with simulations and patients are

displayed in Figure 3.2 and 3.3, respectively.

2000 4000

w
Heterogeneous
Distribution

Homogeneous
Distribution
(Remeshed)

0

No Electrode
Displacement

® Original Electrode Locations ® Relocated Electrodes

Figure 3.1. Example of torso models with different number of nodes and node distribution. The electrodes
relocated appear in blue and the original locations in red. Panel A illustrates torsos with irregular mesh
distribution, B with homogeneous distribution and C torsos maintaining the electrodes in the original

position.
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For solving the inverse problem of electrocardiography, electrodes have to be located in the
torso mesh. We chose the node with the smallest Euclidean distance from each electrode to
relocate electrodes on the mesh. In order to evaluate separately the effect of mesh density and
electrode relocation, we also constructed downsampled meshes without electrode relocation. For
imposing the electrode position in all the meshes, the closest face of the geometry to each
electrode was triangulated again, and three new triangles were included joined by the original

electrode position (see Figure 3.1C).
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Figure 3.2. Mean value and standard deviation of torso model properties of the geometries used
in the simulation study represented. A. Mean number of nodes depending on the model. B. Mean

area of the faces. C. Variability of the area of the faces. D. Mean distance between nodes of the

same triangle.

3.2.2.2. Processing of Surface Potentials and ECGI calculation

In mathematical models, the forward problem of the simulated electrograms was calculated
using the boundary element method (BEM) (Pedrén-Torrecilla et al., 2016). Noise was added to

the computed surface potentials to obtain a 20dB signal to noise ratio emulating the noise present

69



Chapter 3. Materials and methods

in real recordings. The baseline was subtracted, and a low pass filter of 40Hz was applied. The
electrical information related to the nodes representing the 57 electrodes was selected, and the
inverse problem was calculated through the BEM, using zero-order Tikhonov regularization and

L-curve optimization (Pedron-Torrecilla et al., 2016).

Body surface signals obtained from each patient with surface electrodes were pre-processed by
selecting 5 seconds and removing the baseline. A 10th order Butterworth was used to band-pass
filter between 2 and 45 Hz to eliminate the noise. The Principal Component Analysis (PCA)
approach was performed electrode by electrode to cancel the ventricular activity (QRST segment),

(Castells et al., 2005).

Once the recorded or simulated body surface signals were processed, the inverse computed
electrograms were calculated through BEM using zero-order Tikhonov regularization and L-curve

optimization (Pedron-Torrecilla et al., 2016).
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Figure 3.3. Mean value and standard deviation of torso model properties of the geometries used
in the real patient’s study. A. Mean number of nodes depending on the model. B. Mean area of
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triangle.
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3.2.3. Quality of mesh evaluation metrics

To evaluate the effect of the mesh in the reconstruction of ECGI potentials, the similarity

between ECGI signals obtained with finest and sparser torso meshes was evaluated.

Specifically, we used Pearson’s correlation coefficient (CC) and the relative difference
measurement (RDM*) (Meijs et al., 1989, Figuera et al., 2016). For both metrics, the temporal
version was used (for each node, the CC and RDM* were computed using all the time instants,

and the mean and standard deviation across nodes are then calculated).

2

o = |3 (- )

3.2.4. Frequency metrics

The dominant frequency (DF) of each node of the cardiac geometry was estimated after the
calculation of ECGI using Welch periodogram (2-second Hamming window with a 25% overlap)
(Rodrigo et al., 2017a). The absolute difference in DF for each atrial node between the reference
and the other models was calculated for both AF simulations and AF patient studies (Figuera et

al., 2016).

3.3. Results

3.3.1. Impact of mesh density on ECGI reconstruction

Mesh density alone -without electrode relocation- had a limited impact on ECGI signals. In
Figure 3.4A, reconstructed signals with different mesh densities for a sample epicardial node
show only subtle differences. Average correlation coefficients remain above 0.96 even for torso
meshes with just 100 nodes, and relative errors are below 0.3%, with the lowest CC values of
0.93, Fig. 3.4.B-C. The effect of the torso’s node density in the dominant frequencies is depicted
in Figure 3.4.D. The observed absolute error decreases with the number of nodes of the mesh, and

errors are stabilized below 0.2 Hz with torso meshes with at least 400 nodes.
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A Simulations Without Electrode Relocation
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Figure 3.4. A. Example of 1 second of inverse computed electrograms obtained with different
torso models and the same simulation signals for torsos without electrode relocation. Signal in
black was obtained with the reference 4000-node torso, red and blue signals correspond to the
ones obtained with torsos of 2000 and 100 nodes respectively. B. Pearson’s correlation coefficient
(CCO), C. relative measurement (RDM*) and D. mean absolute difference between the reference
dominant frequencies (DF) between torso models and from 100 to 2000 nodes. Points in black
represent the mean value of the metrics torsos in which the distribution of the nodes is
homogeneous and white points represent the torso with nodes heterogeneously placed. Whiskers

represent the standard deviation.
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The same analysis on real AF patient data is shown in Fig 3.5. Again, CCs were above 0.99
even for meshes with 100 nodes, relative errors were below 0.1 and errors in DF were below 0.2
Hz. CC values for low-density meshes presented very high values, even higher than those
obtained for the simulated data. This was because when solving the inverse problem in patients,
the optimal regularization parameter was higher than in the simulated cases (~10-5 vs. ~10-8),
likely because of the presence of spatial uncertainties in ECGI reconstruction and the presence of
different sources of noise on the recorded signals. These larger values of regularization parameters
in patients result in smoother ECGI solutions that make the ECGI signal estimation less dependent

on mesh resolution.
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Figure 3.5. Time metrics obtained comparing the inverse computed electrograms 25 atrial
fibrillation patients of the reference and the signals obtained with different torso models without
electrode relocation. Points in black represent the torsos in which the distribution of the nodes is
homogeneous and white points represent the torso with nodes heterogeneously placed. A.
Pearson’s correlation coefficient (CC) and B. Relative difference measurement (RDM*). C. Mean
absolute difference between the reference dominant frequencies (DF) between torso models and

from 100 to 1000 nodes.
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In addition to the effect of the number of nodes, the type of remeshing affected the quality of
the ECGI signal. Results showed that homogenous meshes present lower values of CC and higher
values of RDM* and DF errors compared to the heterogeneous distribution of the mesh, which

could be attributed to a poorer shape preservation in the homogeneous meshes.

3.3.2. Impact of electrode relocation in low-density torso meshes on

ECGI reconstruction

ECGI signals obtained from cardiac electrophysiological simulations and using different torso
meshes where the electrode position was relocated to match a mesh node after remeshing present
noticeable differences with the reference ECGI signals with the finest torso meshes without
electrode relocation (Figure 3.6). First, an example of simulated ECGI signals of the reference
torso with coarser meshes is presented in panel Figure 3.6A. Although the overall shape of the
inversely computed electrograms is preserved for lower mesh densities, some impact of shape
morphology can be observed, especially for the sparser meshes (blue line). A global comparison
between the signals measured through time-metrics is represented in Figure 3.6B-C for all the
models. The CC and the RDM* show a strong dependency on torso mesh density. A progressive
increase is shown for the CC as the number of nodes increases, from 0.53 + 0.06 for the 100 mesh
to 0.92 £ 0.04 for the 2000 node mesh. Besides, the RDM* decreases when the torso is composed
with a higher number of vertices from 0.96 £ 0.07 for the 100 mesh down to 0.38 + 0.09 for the
2000 node mesh. Regular meshes do show better correlation coefficients and RDM* values than
irregular meshes with a similar number of nodes, especially for the meshes with a lower number
of' nodes. For the finer meshes and, therefore, smaller areas of the geometrical faces, slightly better

results are observed for the irregular meshes.

Figure 3.6D shows the differences in DF between the ECGI signals calculated with the torso
meshes with 4000 nodes homogeneously distributed and the remaining models. The largest
difference can be observed for the torso with 100 nodes (1.14 &+ 0.26 Hz), and it decreases as the
number of nodes increases. Differences in the frequencies show higher values when a
homogeneous distribution of the electrodes is presented for models with fewer than than 1000
nodes. However, when the number of nodes was 1000 or higher, these differences were higher in

the case of the homogeneous models.
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A Simulations With Electrode Relocation
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Figure 3.6. A. Example of 1 second of inverse computed electrograms obtained with different
torso models and the same simulation signals for torsos with the node of the electrode displaced
by the remeshing. Signal in black was obtained with the reference 4000-node torso, red and blue
signals correspond to the ones obtained with torsos of 2000 and 100 nodes respectively. B.
Pearson’s correlation coefficient (CC), C. relative measurement (RDM*) and D. mean absolute
difference between the reference dominant frequencies (DF) between torso models and from 100
to 2000 nodes. Points in black represent the mean value of the metrics torsos in which the
distribution of the nodes is homogeneous and white points represent the torso with nodes

heterogeneously placed. Whiskers represent the standard deviation.
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The results of the CC and RDM* of the ECGI computed with each torso mesh from real AF
patient data are presented in Figure 3.7. As observed with the computer simulations, the CC values
increased, and the RDM* decreased with the number of nodes. Even though the trend is the same
as presented in Figure 3.6, differences are more prominent using real AF signals from patients as
compared to simulation data. The correlation coefficient ranged from 0.42 + 0.38 using the 100
nodes torso and up to 0.87 £ 0.2 with the 1000 mesh. The RDM* decreases from 0.98 £ 0.45 (100
nodes) to 0.40 = 0.33 (1000R). Although the results show a more marked effect of the remeshing
inreal AF signals, both CCs and RDM* values showed a stabilization for torsos above 400 nodes,

as in Figure 3.6.
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Figure 3.7. Time metrics obtained comparing the inverse computed electrograms 25 atrial
fibrillation patients of the reference and the signals obtained with different torso models with the
node of the electrode displaced by the remeshing. Points in black represent the torsos in which
the distribution of the nodes is homogeneous and white points represent the torso with nodes
heterogencously placed. A. Pearson’s correlation coefficient (CC) and B. Relative difference
measurement (RDM*). C. Mean absolute difference between the reference dominant frequencies

(DF) between torso models and from 100 to 1000 nodes.
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The calculation of differences in dominant frequencies is shown in Figure 3.7C. The results
presented the same trend as the findings for simulations, and the difference in DF decreases with
increasing number of nodes. The largest difference is found for the torso with 100 nodes (0.91 +
0.56 Hz), while the lowest difference is obtained using the 1000-node torso (0.45 + 0.41 Hz). In
this case we could observe that differences in DFs were lower for the homogeneous torso meshes
than their inhomogenous counterparts. DF maps for a sample patient are shown in Figure 3.8. As
the number of vertices increased, the maps looked more similar to the one obtained with the
reference torso mesh (2000 nodes). Torso meshes constituted by 400 nodes or less didn’t allow to
determine the site with the highest DF, present in the right atrium. In addition, in torso meshes
with nodes from 400 to 1000, the location and extension of the highest dominant frequency area

are more similar to the reference ECGI 2000-nodes torso.
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Figure 3.8. Dominant frequency maps obtained with different torso models for one real patient

case.

3.4. Discussion

In this study, we explored the effect of torso mesh density and homogeneity on ECGI signals
for atrial fibrillation simulations and real signals. Firstly, we studied the effect of the number of
nodes on torso meshes with imposed nodes matching with the location of the electrodes so that
they don’t need to be relocated. For both simulations and real signals, the number of nodes had

little effect in the ECGI solution, especially for torsos with more of 400 nodes, where the trend in
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the studied metrics was stabilized. This suggests that torso meshes built upon the restriction of
including the electrodes as nodes in the torso mesh are reliable even for very low densities.
Furthermore, we observed that irregular meshes presented better results in terms of metrics

compared to regular meshes for finer geometries, likely because of a better shape preservation.

Additionally, we explored the effect of node distribution and density, considering that the
remeshing affects the position of the nodes that corresponded to electrodes. This analysis is
relevant in the context of building first a torso mesh and later assigning the nodes corresponding
to recording electrodes in a second step. Under these constraints, the effect of torso density is no
longer negligible, and CC can decrease down to 0.5 for meshes with 100 nodes in simulations
when there are no further spatial uncertainties and noise is limited to 20 dB SNR. The impact of
mesh density on real patient data, when different sources of uncertainty are present, is less relevant
because correlations are lower than in the computer simulations even for torso meshes with 1000
nodes. In either case, correlation coefficients are affected, and decrease from 0.87 £+ 0.2 for 1000

node meshes down to 0.42 £+ 0.38.

The effect of the node density of the meshes of the torsos has not been widely studied.
Nevertheless, an accurate torso geometry has been reported as necessary to obtain precise inverse
electrograms (Messinger-Rapport and Rudy, 1990). Our study uses torso models obtained with
photogrammetry, which presented realistic results but not as precise as those obtained with
medical imaging techniques, which were reported to be very important for correct inverse results
(Svehlikova et al., 2012). Previous studies addressed that as long as geometrical parameters are
captured with local details, the significant impact on the inverse electrogram is minimal (Wang et
al., 2010), which is in accordance with the presented results, especially with a larger number of
nodes. Likewise, torso reshaping and remeshing with a different number of nodes affected the
quality of the signals, with 400 nodes being the minimum necessary to obtain a reliable result.
Torso reshaping and smoothing the geometry have been reported to produce less accurate results
when computed inverse electrograms (Lenkova et al., 2012) were compared to real ones.
Nevertheless, we demonstrated that a homogeneous distribution of the nodes improved the
inverse solution for meshes of less than 1000 nodes independently of the type of signal used (real
or simulated) when the remeshing forced a relocation of the electrodes. Heterogenous distribution
of the nodes improved the results compared to the homogeneous one for geometries of more than
1000 nodes and torsos with the electrodes matching a node position. However, when number of
nodes increased, the differences between the distribution of the nodes decrease, and we cannot
ensure that homogeneous meshes are worse for higher number of nodes, most likely because

electrode relocation is less relevant in homogenous torso meshes since the distance between the
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actual location of the electrode and its location in the relocated torso mesh is larger in

heterogenous meshes than in their homogeneous counterparts.

The minimum number of electrodes for computing ECGI with AF signals needed has been
studied previously, with 23 the minimum number for an accurate reconstruction, similar to a 12-
lead ECG (Guillem et al., 2009). Although the number of electrodes remains critical for a proper
inverse reconstruction, in this study, we used a reliable amount according to the literature.
Notwithstanding, increasing the number may alleviate the misplacement effect and could be

needed for a correct reconstruction of reliable torso meshes.

The position and displacement of the electrodes remain important, as shown in the results and
described by van der Graaf et al., 2016. Nevertheless, some studies provided results that the
optimal position for placing the electrodes is not unique, which matches the study (Lux et al.,
1978). The possibility of a range of appropriate electrode positions allows the opportunity of
having reliable ECGI reconstructions with different torso meshes and electrodes displacement as
in the presented study. The remeshing influenced electrode location, but we could establish the
maximum displacement tolerated of the electrodes as 2cm, the mean displacement of 400-nodes
torsos, which is in accordance with what has been described in vivo studies previously (Cluitmans
and Volders, 2017). This distance gives margin to consider as a good reconstruction of the location
of the electrodes using photogrammetry. Furthermore, slightly displaced electrodes would not
affect the results drastically. Despite that, results demonstrated that 400 nodes -or mean distance
between nodes below 4 cm- is a good trade-off for torso geometry reconstruction; geometries with
a higher number of nodes would alleviate electrode misplacement (Huiskamp and Van Oosterom,

1989).

3.4.1. Limitations

In this study, we compared real AF signals with ECGI reconstructed with a higher number of
nodes in the mesh as a reference and with no intracardiac data. We considered a higher number
of nodes models as a reference assuming that it will provide a better reconstruction. For this
purpose, data from AF simulations were used, being the conclusions with simulations and real

data in agreement.

For the used forward model, inner organs were not included. Our model may be simplistic, and
for that reason, the observed results with relocated electrodes may be better in simulations than
in patient analysis. Nevertheless, although the incorporation of inner organs has not shown a major

impact on the shape of ECGI potentials (Ramanathan and Rudy, 2001), simulated body surface
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potentials are indeed affected by these torso inhomogeneities that we have not considered in the
present study. Additionally, the lack of anisotropy of the forward model may influence our results
because although it may not affect the ECGI resolution significantly, potential distributions that
are more complex due to the anisotropy will complicate the resolution of the inverse model (Colli-
Franzone et al., 1982, Potse et al., 2009, Hren et al., 1998). Furthermore, it should be noted that
the presented results are not relevant to mesh-less solutions due to the influence of the BEM on
the presented results. For simulations, the results for each torso geometry were compared with a
reference ECGI of a 4000-nodes torso and not with the original electrogram due to the low
similarity at the high-frequencies for the intrinsic smoothing of the ECGI. Nevertheless, this does
not imply that we could define the effect of the quality of the mesh on the inverse solution. Finally,
in the present study we have omitted the quantification of the impact of the epicardial mesh on

the signals estimated by ECGI, which should be explored in future studies.

3.5. Conclusion

The present study shows that the effect of mesh density on ECGI signals has little effect when
the original electrode position is respected, especially for geometries with more than 400 nodes.
Nevertheless, if maintaining the original position of the electrode is not possible, a mesh of at
least 400 nodes is recommended for solving the inverse problem of electrocardiography in the
context of atrial fibrillation signals in order to achieve reliable results. Furthermore, a
homogeneous distribution of the nodes showed to be convenient for computing the ECGI with a
distance separation of nodes under 4 cm. A displacement of the nodes corresponding to the

position of the electrodes higher than 2 cm should be avoided.
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Chapter 4

Robustness of Imageless Electrocardiographic
Imaging Against Uncertainty in Atrial Morphology
and Location

Rubén Molero', Ana Gonzalez-Ascaso', Andreu M. Climent!*, Maria S. Guillem'*

Abstract

Introduction: Electrocardiographic Imaging is a non-invasive technique that requires cardiac
imaging for the reconstruction of the cardiac electrical activity. In this study, we explored
imageless ECGI by quantifying the errors of using heart meshes with either an inaccurate location
inside the thorax or an inaccurate geometry.

Methods: Multiple-lead body surface recordings of 25 atrial fibrillation (AF) patients were
recorded. Cardiac atrial meshes were obtained by segmentation of medical images obtained for
each patient. ECGI was computed with each patient’s segmented atrial mesh and compared with
the ECGI obtained under errors in the atrial mesh used for ECGI estimation. We modeled both
the uncertainty in the location of the atria inside the thorax by artificially translating the atria
inside the thorax and the geometry of the atrial mesh by using an atrial mesh in a reference
database. ECGI signals obtained with the actual meshes and the translated or estimated meshes
were compared in terms of their correlation coefficients, relative difference measurement star, and
errors in the dominant frequency (DF) estimation in epicardial nodes.

Results: CC between ECGI signals obtained after translating the actual atrial meshes from the
original position by lem was above 0.97. CC between ECGIs obtained with actual and estimated
atrial geometries was 0.934+0.11. Mean errors in DF estimation using an estimated atrial mesh
were 7.6+5.9%.

Conclusion: Imageless ECGI can provide a robust estimation of cardiac electrophysiological
parameters such as activation rates even during complex arrhythmias. Furthermore, it can allow
a more widespread use of ECGI in clinical practice.

R. Molero, A. Gonzalez-Ascaso, A. M. Climent, and M. S. Guillem, “Robustness of imageless
electrocardiographic imaging against uncertainty in atrial morphology and location,” J.
Electrocardiol., vol. 77, no. January, pp. 58-61, 2023.
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Chapter 4. Introduction

4.1. Introduction

The standard ECG has not changed much in the last 80 years (Goldberger, 1942). It has allowed
the detection of many cardiac disorders but does not allow to infer the cardiac activation pattern
in each individual as an electroanatomical navigator does. A non-invasive visualization of the
cardiac electrical activity can be achieved, to a certain extent, through Electrocardiographic
Imaging (ECGI) (Barr and Spach, 1977), which has been validated in humans almost 20 years
ago (Ramanathan et al., 2004). ECGI consists of estimating the electrical potentials on the surface
of the cardiac chambers, from sets of 50 to 256 electrodes distributed over the torso of the patient

(Cluitmans et al., 2018; Salinet et al., 2020).

ECGI has been demonstrated to be useful for mapping atrial flutters, characterizing AF,
identifying extrasystole origin, or providing support during resynchronization pacemaker
implantation (Cluitmans et al., 2018; Salinet et al., 2020; Bear et al., 2019). During the last decade,
commercial ECGI products have arrived at the market. Nevertheless, this novel non-invasive
characterization tool of cardiac electrical activity has reached a moderate clinical impact. One
potential reason for this limited clinical application of ECGI is the need for an accurate estimation
of the torso and heart geometry from a CT scan of each patient while wearing the set of body
surface electrodes. Potential complications associated with (1) a synchronization between
cardiologists and radiologists and (2) irradiation into the patient for performing a CT scan to
reconstruct the electrical activity are ethically justified only for a selected number of centers and

patients.

The possibility of avoiding CT scans to perform ECGI maps is becoming an attractive approach
to extend the advantages of a detailed non-invasive cardiac mapping to all cardiac arrhythmia
patients (Salinet et al., 2020; Rodrigo et al., 2018). Imageless ECGI allows estimating the cardiac
geometry and its location inside the thorax of a patient based on a combination of statistical

information and electrical and thorax geometrical information (Rodrigo et al., 2018).

In this study, the robustness of our imageless ECGI is quantified. Specifically, the impact on
ECGI signals of imposed geometrical distortions, modelling errors due to uncertainties in heart

geometry, and location estimation is evaluated.
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4.2. Material and Methods

We recruited 25 patients referred for AF ablation at Hospital General Universitario Gregorio
Marafion (Madrid, Spain). Institutional Ethics Committee approved the protocol, and all patients

gave informed consent.

Fifty-seven body surface electrodes were distributed over the torso of each patient for the
recording of ECGI signals. Signals were recorded at 1kHz sampling rate with a bandpass filter
between 0.05 and 500Hz for off-line analysis. Surface signals were pre-processed as described in
(Molero et al., 2021). For each patient, a CT scan or MRI was acquired prior to the procedure to
estimate the anatomy of the atria and the torso. In addition, a 3D photogrammetry was used to

reconstruct the torso of the patient and locate all ECGI electrodes.

To quantify the errors in ECGI reconstruction with estimated versus measured atrial geometries,
we used (1) different locations and (2) different morphologies of the atrial geometrical geometries
together with the actual location and morphology of the atria of the patient and compared the
estimated ECGI signals. The set of variations in the atrial mesh used for solving the inverse
problem is summarized in Figure 4.1. A set of displacements of 1, 2 and 3 cm in each axis (X, Y
and Z) was applied to all nodes of the actual atrial mesh of each patient (panel A). In addition, an
estimated cardiac geometry and location was obtained based on a statistical approach fed by the
shape of the thorax of each patient (panel B). As it can be observed, the shape of the estimated

and actual atria was different, but the location and mean size were similar.

Epicardial electrograms were then estimated from body surface recordings by using the
boundary element method formulation and zero-order Tikhonov regularization and L-Curve

selection of the optimal regularization parameter (Pedron-Torrecilla et al., 2016).

To compare electrograms estimated by solving the ECGI with the patient’s actual atria versus
the ECGI signals obtained with a different location or shape, we calculated Pearson’s correlation
coefficient (CC) and the relative difference measurement star (RDMS) (Figuera et al., 2016) on
each node of the atria. For comparison between ECGI signals obtained with different atrial
geometries, the signals with pairing nodes were compared. For each node in the actual atrial
anatomy, a pairing node was chosen for the estimated anatomy that minimized the Euclidean
distance between these pairs of nodes. Pairs of nodes with distances larger than 0.5 cm were not

used for comparison.

In addition, dominant frequency (DF) maps were calculated from the ECGI signals obtained for
translated and estimated atrial geometries and compared with the DF map obtained with the actual

atrial geometry. DF was defined as the frequency with the largest power in the power spectral
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distribution obtained by applying the Welch periodogram (2-second Hamming window with a
25% overlap) (Rodrigo et al., 2017). The absolute difference in DF for each atrial node was
quantified.

A Translation of the Atrial Mesh

Estimation of Atrial Mesh

Figure 4.1. Illustration of the geometrical distortions introduced in the performed experiments. In

panel A, illustration of the translation of the atria inside the thorax of the patient along the X, Y
and Z axis, with maximal distances of 3cm. In panel B, comparison between actual atrial mesh
obtained from a CT scan atrium (red) and the estimated atrial geometry (blue) for 6 illustrative

subjects.
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4.3. Results

Comparisons between ECGI signals are illustrated in Figure 4.2. In panel A-B, the effects of
the translation of the actual atrial mesh on the X, Y, and Z axis are depicted. As it can be observed,
CC decreases with increasing translation distances while RDMS values were increased. Mean CC
at a £1cm translation was 0.98+0.04 for the X axis, 0.98+0.04 for the Y axis and 0.97+0.11 for

the Z axis. The lowest correlations (0.82+0.2) were found for translations of 3 cm on the Y axis.

In panel C, an example of estimated ECGI signals obtained for actual versus estimated atrial
geometries in a selected node is depicted. The correlation coefficient of both ECGI signals was
0.97 and the RDMS was 0.24. In panel D, the results for the entire database are depicted. As it
can be observed, by using the estimated geometry an average correlation coefficient of 0.93+0.11

and RDMS of 0.32+0.18 were obtained.
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Figure 4.2.  Quantification of errors in ECGI signals by geometrical distortions. Panel A-B,
CC and RDMS obtained for translated atria in the X, Y and Z axis by 1, 2 or 3 centimetres. Panel
C, sample ECGI electrogram estimated for the actual atrial geometry of the patient (blue) together
with the estimated ECGI signal at the nearest node for the estimated atrial geometry. Panel D,
quantification of the Pearson’s correlation coefficient (CC) and the relative difference
measurement star (RDMS) between ECGI signals in all nodes in the actual atrial mesh obtained

by a CT scan and pairing nodes in the estimated atrial meshes.
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DF maps obtained from ECGI signals estimated for the different atrial meshes (actual, translated
and estimated) are depicted in Figure 4.3. In panel A, the DF map measured by solving the ECGI
with the actual patient anatomy derived from the CT scan or MRI. In this case, the highest DF
(9.37 Hz) was present in the posterior side of the right atrium (RA), while most of the atria was
activated at 4.82 Hz. In panel B, DF maps obtained with the original atrial geometry translated by
+lcm in the X, Y, and Z axes are depicted. As it can be observed, DF maps were different when
employing different atrial geometries, but the critical region, the site harboring the highest DF,

was identifiable in all cases in the same region of the atria.

Finally, in panel C, the DF map obtained for the estimated cardiac geometry is depicted. Notice
that although a few differences are noticeable between both maps, the values and distribution of
DFs were correctly estimated. A systematic comparison between the DF values at all nodes and
all patients obtained with the actual atrial geometry and the estimated geometry presented a mean

difference of 0.47+0.35Hz.
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Figure 4.3. Effects of geometry and location errors on atrial fibrillation DF maps. Panel A. DF
map obtained from ECGI signals estimated for the patient’s actual atrial mesh. Panel B, effects of
the translation of the patient’s actual atrial mesh along the X, Y and Z axis on the DF map. Panel

C. DF map obtained from ECGI signals computed for an estimated atrial mesh.
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4.4. Discussion

In this study, we have shown that an imageless ECGI allows to extract clinically relevant

information without requiring a CT scan, even during complex arrhythmias such as AF.

Current non-invasive characterization of the cardiac function is insufficient for risk stratification
or a personalized identification of the mechanisms maintaining arrhythmias in each individual
patient. During the last decades, significant improvements have arrived at the clinic by the hand
of image and structural analysis developments thanks to systems such as echocardiography, CT
scans, and MRI. However, regarding the electrophysiological function of the heart, main
technological novelties have been restricted to the improvement of invasive electroanatomic
mapping systems. Non-invasive characterization continues to be limited to the standard ECG used
without major developments during the last century. ECGI could fill the gap between the ECG
and electroanatomical mapping. However, the introduction of current ECGI technology in the
clinical practice is hampered because of the extra efforts that need to be put into the acquisition
of a CT scan of the patient while wearing a multielectrode vest. Primary and secondary patient
care could also take advantage of imageless ECGI solutions since this non-invasive
characterization could help predict the optimal treatment on an individual patient basis without
requiring a CT scan or MRI in each patient. Development of imageless ECGI together with a
reduction of the number of leads required (de la Guillem et al., 2009; Parreira et al., 2020) and
the optimization of the regularization process to increase accuracy (Figuera et al., 2016), is the
way to follow in order to extend the applicability of this technology. In addition, the combination
of apriorism knowledge and mathematical electrophysiological models offers a promising line of

research (van Dam, 2017; Van Oosterom, 2004)

In the present study, we have evaluated the effect of uncertainty on atrial geometry estimation
during AF episodes since this could be considered a worst-case scenario with low signal-to-noise
ratios and high variability in the ECG signals. In addition, although AF is the most prevalent
arrhythmia, current characterization based on the standard ECG is insufficient to select the best
treatment for each patient. Extension of the present results to the characterization of more regular
rhythms or ventricular arrhythmias will help to validate the application of imageless ECGI. It is
remarkable to notice that the estimation of cardiac chambers is based on previous knowledge and
extensive databases of patients, but in case of congenital or significant heart disease that could

imply dramatic changes in the cardiac morphology would continue requiring a CT scan.
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4.5. Conclusion

Imageless ECGI can provide a robust estimation of cardiac electrophysiological parameters
such as activation rates even during complex arrhythmias such as AF. Estimation of patient’s
cardiac geometry and its most plausible location inside the thorax opens the possibility of helping

the application of non-invasive electrophysiological maps in the clinical practice.
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Abstract

In electrocardiographic imaging (ECGI), selecting an optimal regularization parameter (L) is
crucial for obtaining accurate inverse electrograms. This study investigates how electrical noise
in body surface potential map (BSPM) signals and geometrical inaccuracies affect optimal A
selection via the L-curve optimization. We propose novel criteria for optimal A selection,
accounting for BSPM signal-to-noise ratios and potential geometrical errors. Nineteen atrial
simulations (5 of regular rhythms and 14 of atrial fibrillation) were used for computing the ECGI
with added white gaussian noise from 40dB to -3dB. Cardiac mesh displacements (1-3cm) were
applied to simulate the uncertainty of atrial positioning and study its impact on the L-curve shape.
The regularization parameter, the maximum curvature, and the most horizontal angle of the L-
curve (B) were quantified. In addition, BSPM signals from real patients were used to validate our
findings. L-curve maximum curvature was inversely related to both signal-to-noise ratio and
errors in atrial positioning within the thorax. The B angle was found to be directly related to
electrical noise and not affected by geometrical errors. Adjustment of A based on the amount of
noise in the data (or on the 3 angle) allows finding better ECGI solutions than a A purely found at
the corner of the L-curve. We observed that the relevant information in ECGI activation maps is
preserved even under the presence of uncertainties when the regularization parameter is correctly
selected. The proposed criteria for regularization parameter selection have the potential to

enhance the accuracy and reliability of ECGI solutions.
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Chapter 5. Introduction

5.1. Introduction

The inverse problem of electrocardiography enables the estimation of the electrical activity on
the surface of the heart from body surface electrocardiographic recordings. To obtain activation
maps of the cardiac electrical activity, Electrocardiographic Imaging (ECGI) relies on both Body
Surface Potential Mapping (BSPM) signals and an estimated geometry of the torso and the heart
(Hernandez-Romero et al., 2023). ECGI has shown to be consistent with intracavitary data during
atrial fibrillation (AF) (Rodrigo et al., 2020, 2021) and has been used to guide ablations
(Haissaguerre et al., 2014) or predict the efficacy of AF ablation (Molero et al., 2021; Fambuena-
Santos et al., 2023). Nonetheless, the estimation of ECGI signals is an ill-conditioned problem
(Hansen, 1992) that is strongly affected by the presence of different sources of noise, such as

signal artifacts, geometrical errors and other sources of uncertainty.

Several approaches have been developed to optimize inverse resolution, with zero-order
Tikhonov (Tikhonov and Arsenin, 1977) and L-curve optimization being widely adopted by the
ECGI community (Salinet et al., 2020). Zero-order Tikhonov consists in minimizing both the
error of the solution and the residual error, as described in (1) and it is specially well suited for
situations with low signal-to-noise ratios since it allows for a strong smoothing effect that reduces

the amount of noise in the solution.

X = argmin[||AX = Y|I3 + A|LX||3] (1)

Where X are the estimated epicardial potentials, X are the epicardial potentials, A is the transfer
matrix that relates the epicardial potentials and the BSPM signals, Y are the surface potentials, A
is a regularization parameter, and L is a squared matrix that equals the identity matrix in zero-
order Tikhonov regularization. The A value can be chosen by using L-curve optimization, which
consists in selecting the A value that represents a trade-off in the minimization of the two terms in
equation 1 or, practically by selecting the corner of the plot of term ||AX — Y/||3 vs. term ||LX]|3
(Pullan et al., 2014). A larger regularization parameter results in more aggressive smoothing of
estimated potentials, improving noise rejection at the cost of reduced temporal and spatial

resolution.

Whereas identification of the regularization parameter at the corner of the L-curve is a reliable
method for low uncertainty situations in which the L-curve shows a sharp comer, this method
becomes less reliable when the L-curve does not present a sharp corner, situation that arises under

the presence of uncertainties either in the measured signals or the estimated transfer matrix. A
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selection of a sub-optimal regularization parameter can result in either over-smoothed or noisy
estimated epicardial potentials and this, in turn, may result in inaccurate estimations of the
underlying electrical activation sequence which may lead to a delivery of an inappropriate

ablation therapy.

The main objective of this study is to quantify the impact of different sources of noise (electrical
and geometrical) in the inverse problem resolution with zero-order Tikhonov regularization and
L-curve optimization. We hypothesized that the search of the optimal regularization parameter
should be affected differently by different sources of noise which, in turn, should affect differently
the shape of the L-curve. To explore these variations, we used nineteen computer simulations of
atrial electrical activity during regular rhythms and AF and ECGI data from two patients referred
for ablation. We added different levels of noise before computing the inverse problem and
introduced geometrical uncertainty in the inverse problem resolution, both on the simulations and
to the patient cases. We analyzed the impact of these sources of noise in the shape of the L-curve,
the optimal A values corresponding to the corner of the L-curve and in the estimated epicardial
maps. Finally, we presented a methodology for correcting the A selection when L-curve

optimization provides a sub-optimal solution.

5.2. Material and methods

5.2.1. Cardiac simulations

Nineteen cardiac simulations were generated: five simulations of regular rhythms, 2 sinus
rhythm, 3 atrial flutter (AFL) of five seconds of duration, and 14 of atrial fibrillation (AF) with a
duration of ten seconds. We utilized a realistic 3D model of the atrial anatomy for simulation
generation. This model comprises 284,578 nodes and 1,353,783 tetrahedrons. (Rodrigo et al.,
2017). To simulate electrical remodeling and maintain fibrillation in AF simulations, we varied
currents in Ik,ACH, IK1, INa and ICa. We modeled fibrotic tissue by disconnecting nodes ranging
from 20% to 60%, and we represented scar tissue by disconnecting all nodes (100%) in the scar
region. We employed the Runge—Kutta integration method to solve the differential equation
system, leveraging the computational power of a graphic processor unit (NVIDIA Tesla C2075
6G) (Rodrigo et al., 2017). To induce AFL and AF, we implemented an S1 S2 protocol, applying

the S2 stimulus at different atrial locations to generate a variety of patterns (Liberos et al., 2016).
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To obtain the electrical activity on the torso surface, a mesh of 771 torso nodes was used for all
simulations (Aras et al., 2015). The forward problem (Macleod and Buist, 2010) was then
computed with the boundary element method to obtain the body surface potentials by multiplying

the transfer matrix (A) and the calculated electrograms as in equation (2) (Pullan et al., 2014).

Y = AX (2

where A was computed by using the boundary element method described in (3):

A= [DTT - GTHGI-YI:}IDHT]_1 ' [GTHGHHDHH - DTH] (3)

where D is the coefficient matrix that represents the contribution of the potential of a bounding
surface to another, and G is the coefficient matrix representing the contribution of the voltage
gradient between two surfaces, the subindex T refers to the surface of the torso and H the surface
of the heart (Jorge Pedron Torrecilla, 2015). After the obtention of the torso potentials, signals
from 64 nodes (24 front, 24 back, 8 on each side) were selected for matching the number of
electrodes used on patients. BSPM signals were normalized in order to ease the comparison of

errors in the inverse problem between different simulations with differences in amplitude.

5.2.2. Patient data

Four patients, two with AF, and two with AFL, respectively, admitted for ablation at Hospital
Clinic de Barcelona were simultaneously co-registered using CARTO3 (Biosense Webster, Irvine
CA, USA) and a 64-lead ECGI (ACORYS MAPPING SYSTEM Corify Care SL, Madrid, Spain).
The protocol was approved by the Ethics Committee of the hospital and all the patients gave
informed consent. A LGE-MRI was obtained prior to the procedure and segmented with ADAS
(ADAS 3D SL, Barcelona, Spain). Torso geometries and lead positioning in each patient were
reconstructed by photogrammetry (Molero et al., 2022). Cardiac geometries were obtained by
segmentation of MRI images. The BSPM signals from both patients were pre-processed by

subtracting the baseline and using a 10th-order Butterworth low-pass filter of 45 Hz.

The first AF patient of 65 y.o. arrived in sinus rhythm, AF was induced by fast pacing from
coronary sinus stimulation. Before AF induction, a P-wave segment with a duration of 156ms was

selected for computing the inverse problem.
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From the second AF patient of 61 y.o., AF signals of 8 seconds of duration were selected and
QRST complex was canceled using template subtraction computed with a Principal Component

Analysis approach (Castells et al., 2005).

The first AFL patient, aged 66, exhibited a typical flutter pattern, which was revealed using
electroanatomical mapping at the beginning of the procedure, eliminating the need for arrhythmia
induction. From this patient’s BSPM signals, we extracted an individual F-wave of 182ms
duration before ablation for inverse problem computation. The second AFL patient, aged 56,
presented an atypical flutter pattern. A reentry was detected in the left atrial roof after adenosine

perfusion.

5.2.3. Modelling the influence of noise

With the objective of studying the effect of different sources of noise on the L-Curve
optimization, electrical and/or geometrical noise was added to the simulations and signals from

patients.
5.2.3.1.Addition of electrical noise.

White gaussian electrical noise was added to the BSPM signals according to (4):

Yy = Y+SNR*N (4)

where Y are the BSPM potentials, either computed after solving (2), or measured on the torso
surface of patients and Yn are BSPM potentials with added noise. N is a random realization of
white noise with mean 0 and standard deviation of 1 at a signal to noise ratio (SNR) at either 40,

30, 20, 10, 3, 0 or -3dBs.
5.2.3.2.Addition of geometrical uncertainties

Geometrical noise was added by moving the atrial epicardial mesh from its original location
by 1, 2, or 3 cm in the three cartesian axes, simulating physiological displacements of the cardiac
anatomy inside the torso or uncertainty on its actual location (Jagsi et al., 2007). For computing
the inverse problem taking into account the cardiac mesh displacement, a new transfer matrix (Aq)
was computed using (3), where the heart is translated from the location used for the forward

problem calculation.
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5.2.4. Inverse problem calculation

Before solving the inverse problem of electrocardiography after electrical noise addition, the
base-line was subtracted by a second-order high-pass filter with a cut-off frequency of 0.67 Hz
followed by a Butterworth 10-order low-pass filter with a cut-off frequency 45 Hz (Molero et al.,
2022).

Epicardial potentials were estimated by implementing zero-order Tikhonov regularization,

according to (5):

X = (A%Ag + A, LTL) "L ATyy (5)

Where X are the estimated epicardial potentials, Yy are the measured or simulated BSPM signals
with added noise, Aq is the forward matrix with added geometrical uncertainties and A; is the

regularization parameter obtained using L-curve optimization, and L the identity matrix.

5.2.4.1.L-curve corner-based selection of AL

The regularization parameter in (5) was found by using the L-curve approach, which consists

in finding the corner of the L-curve (Fig. 5.1), following (6-8):

p(2) = logao ([l4aX —Yull}) ©)
n(A) = logyo (|ILX I]) ™
curvature(1,) = PO P T ®

((p)* + ()H)3/?

The maximum curvature (Hansen and O’Leary, 1993) of the L-curve corresponds with its corner
and is considered as the optimal solution of the inverse problem by minimizing the two norms

from (6) and (7).
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Figure 5.1 Example of an L-curve (A) and the computed geometrical parameters and the curvature

(B) for all the explored A to solve the inverse problem.

5.2.4.2.L-curve shape quantification and A optimization

We defined the angle of the most horizontal component of the L-curve (B), as depicted in Fig.

5.1, as a surrogate of the shape of the L-curve, together with the L-curve curvature, defined in (8).

We proposed an alternative method for A estimation based on the angle B. This L-curve shape-
based approach has been developed as a product of our results, taking into account the influence
of noise on the shape of the L-curve. First, to spot statistical differences between the curvatures
the B angles obtained for ECGI signals with different SNR and introduced geometrical errors, the
normality of the curvatures and  was studied using the Kolmogorov-Smirnov test followed by
Student’s t-test with normal samples and Wilcoxon rank-sum test to non-normal samples. Later,
to obtain the equation for determining the optimal Ag, we established a mathematical relationship
observed between all the B angles obtained from computing the inverse problems using the
simulations of regular rhythms and AF scenarios, incorporating electrical and geometrical

uncertainties and the optimal regularization parameter AL obtained for each case.
5.2.4.3.Quantification of ECGI quality

In addition to the simulations, we introduced electrical noise and geometrical uncertainties to
the BSPM signals and epicardial meshes of the selected patients. To assess the quality of
electrocardiographic imaging reconstructions in these patients after incorporating noise and
geometrical uncertainties, we generated local activation time (LAT) maps using ACORYS's

proprietary algorithms. LAT maps were computed on both the original ECGI signals and the ECGI
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signals with added electrical noise and geometrical uncertainties and compared with endocardial

activation time maps obtained with CARTO3.

To study the effect of the exploratory range of A, we computed the inverse problem in an atypical
flutter patient using two ranges, from 107 to 102 and from 1075 to 10”. LAT maps of the resulting

ECGI signals were compared with endocardial maps used as a gold standard.

Lastly, on AF signals, after computing the inverse problem, phase singularities (SP) were
calculated as described in (Fambuena-Santos et al., 2023). An LGE-MRI image of the fibrotic
tissue of the patient was used as a reference for AF substrate burden evaluation to study the
correspondence between SP and fibrotic tissue and evaluating the inverse reconstruction
(Haissaguerre et al., 2016). SP maps were computed for the original ECGI maps, and the maps

with the noises added.

5.3. Results

The impact of electrical and geometrical noise was studied separately in populations of
simulations of regular and irregular rhythms. Furthermore, we assessed the effect of noise on LAT
maps using an example for sinus rthythm simulation and compared it to signals from the patients

experiencing atrial flutter and atrial fibrillation.

5.3.1. Effect of noise in the inverse problem using atrial simulations

The impact of electrical and geometrical noise on the L-curve for a single simulation and
different levels of added uncertainty in inverse problem resolution is shown in Fig. 5.2. The effect
of electrical noise (Fig. 5.2A) is reflected in the variation of the shape of the curve. As seen,
simulations with higher SNR (warm colors) show a clear L-curve corner with low errors of the
norm of the solution. As the SNR decreases, the curve transitions into a more vertical shape and,
therefore, an increased value of the B angle. The shape of the L-curve is influenced by the SNR,
as it is the value of maximum curvature at its corner (Fig. 5.2D). Higher values of curvature are
observed for more ideal situations with low noise levels. The maximum curvature value decreases
with increasing noise levels. As it can be observed in Fig. 5.2D, the optimal A1, (corresponding to
the A value with the maximum curvature) is strongly related to the presence of noise: it increases

with higher levels of electrical noise, which, resulting in smoother inverse problem solutions.
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Figure 5.2. Examples of the obtained L-curves and curvatures for an atrial fibrillation simulation
and different levels of uncertainty in the inverse problem resolution. In top panels L-curves and
shown whereas in bottom panels the corresponding curvatures of the different L-curves are
depicted. Panels A and D: different levels of added electrical noise to the simulated BSPM signals.
Panels B and E: different translations of the atrial mesh before solving the inverse problem

(geometrical noise). Panels C and F: combined electrical and geometrical noise.

The impact of geometrical noise on the shape of the curve is shown in Fig. 5.2B. The color
saturation indicates the displacement introduced in the heart location before solving the inverse
problem (1 to 3 cm). In this case, a larger geometrical error (more displacement of the atrial mesh)
is translated into an increased residual error (y axis). The maximum curvature (Fig. 5.2E)
decreases for increased displacements, although the obtained optimal AL values are in the same
range and do not change significantly. Both sources of noise combined are shown in panel C,
where the general trend of curvature decay is observed for both noises combined. As seen in Fig.
5.2F., curvature and optimal Ar values are largely related with the level of noise. However, for
low SNRs, neither curvature values nor optimal A;. values can be unambiguously attributed to the

noise level in the presence of geometrical uncertainty.

In summary, electrical and geometrical noise impact the L-curve's shape, maximum curvature,
and optimal A values, with electrical noise having a more pronounced effect, whereas low SNRs

make it challenging to attribute curvature and optimal A values to noise levels in the presence of

geometrical uncertainty.
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5.3.1.1.Effects of noise in the curvature and shape of the L-curve

For all the explored SNR levels and geometrical displacements, the values of maximum
curvature and the B angle are shown in Fig. 5.3. The maximum curvatures for all simulations (top
row) revealed higher values in more ideal scenarios with high SNR, reaching up to 10 for sinus
rhythm and AFL simulations (Fig. 5.3A) and up to 5 for atrial fibrillation (Fig. 5.3E), with some
overlap between different SNR ranges (i.e., curvature for regular thythms at 40 dBs equals 7.21
+ 1.45 vs. 5.43 + 1.96 for 30 dBs). For low SNR values (under 10dB), the overlap in curvature
values for different SNR ranges is more evident, which hinders the differentiation between noise
levels based on this parameter (i.e., curvature for regular rthythms at 0 dBs equals 1.44 + 0.34 vs.
1.14 £ 0.28 for -3 dBs). Curvature exhibits a negative correlation with the geometrical error,
although this dependency appeared to be weaker than the dependency of curvature with electrical
noise (i.e., curvature for 0 cm equals 4.35 £2.89 vs. 2.27 + 1.63 for a 3cm displacement). For AF
simulations curvature values were found to be smaller than those found for regular rhythm
simulations and the dependency of curvature with geometrical uncertainties is almost neglectable
(i.e., curvature for 0 cm equals 1.85 £ 1.3 vs. to 1.57 £ 1.29 for a 3cm displacement). Values of
the angle  showed a positive relationship with added noise: smaller amounts of added noise are
related with smaller B values (i.e., p for 40dB equals to 10.74° + 3 vs. 59.14° &+ 3.32 for -3dB for
regular rhythms simulations). No overlap in § values for low SNR levels is observed, whereas
some overlap in B values is observed for low added noise situations (i.e., B for 0 dBs SNR and
regular rhythms equals 50.84 £ 3.01 vs. 59.14 + 3.28 for -3 dBs SNR, p <0.01). Regular rhythms
showed lower values of B than those obtained for AF simulations. For this reason, we analyzed
them separately. In none of the explored simulations was a clear dependency of B on geometrical

noise observed.

Consequently, in the presence of varying levels of noise and geometrical displacements,
maximum curvature and 3 angle values demonstrate a stronger dependency on electrical noise
than on geometrical errors, with some overlap between SNR ranges, affecting the differentiation

of noise levels based on these parameters.
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Figure 5.3. Values of maximum curvature of the L-curve and B angle for 5 regular rhythms and
14 atrial fibrillation simulations for different levels of signal-to-noise ratio and geometrical
displacement of the cardiac geometry. In top panels maximum curvatures are depicted whereas in
bottom panels beta values are represented. In panels A, E, C and G, curvature/beta values for all
combined electrical and geometrical noise are grouped by the amount of added electrical noise.
In panels B, D, F, H curvature/beta values for all combined electrical and geometrical noise are

grouped by the amount of added geometrical noise.

5.3.1.2.Effects of noise in the optimal regularization parameter

The relationship between the optimal Ar. according to the L-curve method and both the curvature
and [ is shown in Fig. 5.4. A negative correlation between the noise level, A. and the curvature is
observed. Higher values of AL are obtained when solving the inverse problem computed with
signals with more added electrical noise for both regular atrial (R>=0.69) and irregular rhythms
(R>=0.91). Regular rhythms, when compared to AF, can be reconstructed with smaller A1 values,
most likely because of a lower complexity of electrical patterns. It can be observed again that
electrical noise is strongly related with the optimal A; values selected by the L-curve method and
that the optimal AL values, therefore, are strongly related to the B angle, especially for AF
simulations (R?=0.94).
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Figure 5.4. Values of maximum curvature of the L-curve and 3 angle for regular rhythms (A) and
atrial fibrillation simulations (B) versus the optimal regularization parameter (Ar) obtained for
different levels of signal-to-noise ratio (color-coded) and displacement of the cardiac geometry
(shape-coded).

Both regular rhythms and AF presented similar trends with the difference in the optimal A; that
resulted in smaller values for regular rhythms. We described the relationship between 3 and A

using the following exponential equations.
For signals from a regular rhythm:

Ap = 1072086570 9)

For atrial fibrillation signals:

Ap = 1073787 (10)

In summary, the optimal regularization parameter (AL) was negatively correlated with noise
level and curvature, and strongly associated with the B angle, particularly for atrial fibrillation
simulations, indicating that electrical noise significantly impacts the L-curve method's choice of

optimal Ar, values.
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Figure 5.5 demonstrates the relationship between the optimal A and the computed LAT map,
showcasing an example of a sinus rhythm simulation (A). Panel B displays LAT maps for ECGI
signals with different signal-to-noise ratios and various regularization parameters for the same
simulation. Panel C presents LAT maps for ECGI signals with different cardiac geometry
displacements at a 20dB SNR and different regularization parameters for the same simulation.

Maps computed with the optimal regularization parameter are marked with a star (*).
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Figure 5.5. Example of local activation times (LAT) map of a sinus rhythm (SR) simulation (A).
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LAT maps obtained for ECGI signals obtained with different signal-to-noise ratios and different
regularization parameters of the same SR simulation (B). LAT maps obtained for ECGI signals
obtained with different displacements of the cardiac geometry with a 20dB SNR and different
regularization parameters of the same SR simulation (C). Maps computed with the optimal

regularization parameter are denoted with a star (¥).

All maps obtained using the optimal Ar determined by the L-curve method closely resemble the
reference LAT map (panel A). Again, the optimal A, values were found to be more strongly related
with the amount of noise of the BSPM signals than on the correct estimation of the position of the
atria inside the thorax. LAT maps obtained A values higher than the optimal one show high
similarity compared to the gold standard, although the origin of the excitation becomes more
blurred. On the contrary, maps obtained with smaller A values showed poorer results, likely due

to noise amplification caused by the smaller A values.

For the optimal M., (10®) and higher values, the LAT map accurately reflected the origin of the
beat at the same location as the gold standard. The displacement, although does impact on the
accuracy of the estimated LAT map, was found to be unrelated to the optimal Ar selected in
accordance with the L-curve method, as it was not modified from the value obtained without the

displacement of the heart mesh.

This example illustrates how the optimal regularization parameter (Ar) is more influenced by
the noise in the signals than by the atria's position, and maps with optimal Ar values closely

resemble the reference LAT map even with errors in the location of the cardiac geometry.
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5.3.2. Patient examples

5.3.2.1. Effect of noise on ECGI maps from patients

In Fig. 5.6, LAT maps from an atrial flutter patient are shown together with its corresponding
electro-anatomical LAT map. In both maps a counterclockwise reentry around the tricuspid valve
can be observed. LAT maps obtained after addition of noise on the BSPM signals allow
determining the same counterclockwise reentry around the tricuspid valve. As we observed in the
computer simulations, the computed L-curves show an increased error in the solution with
increased values of electrical noise added to the BSPM signals. The maximum curvature, as
expected, decreased with lower SNR values (curvature without added noise equals 1.61 vs 0.46
for -3dBs added noise) whereas B increased with the added noise (p without added noise equals
55.1° vs. 73.03° for -3dBs added noise). The optimal Ar increased from the ECGI computed
without added noise: 3.31-10 vs. 7.59-10° for -3dBs, which allowed filtering the noise for the

more unfavorable situation, thus allowing the estimation of reliable LAT maps.
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Figure 5.6. Example of local activation (LAT) maps of an atrial flutter patient obtained with ECGI
and electro-anatomical mapping (A). LAT maps for adding electrical noise to body surface signals
to the patient and the respective variation of the L-Curve and curvature for the explored
regularization parameters (B). LAT maps obtained for displacements of the cardiac geometry and

the variations of the L-curve and curvature (C).
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LAT maps obtained after a displacement of the cardiac geometry whereas solving the inverse
problem are also shown in Fig. 5.6. The obtained LAT maps showed a reentry at the same location
in the same direction even if the atria are mislocated in up to 3 cm. The range of values for the
optimal Ar did not change with the location error, nor the values of , (B without translation equals
55.1° vs. 53.86° for a translation of 3 cm), whereas the maximum curvature decreased with the

translation (curvature without translation equals 1.61 vs. 1.12 for a translation of 3 cm).

An additional example for an AF patient is shown in Fig. 5.7. The SP map obtained with the
reference ECGI (panel A) presented SP on the posterior wall (red-colored), with a higher SP
presence between the right pulmonary veins (PPVV), matching with the presence of fibrotic tissue
(also in red). Independently of the SNR, the location of the SP was found at the same region of
the left atrium, with less dispersed SPs in the posterior wall for lower SNR, because larger AL
values were chosen for decreasing SNR values and filter the inverse solution. Additionally, the
obtained SP histograms computed after introducing geometrical errors showed a concentration of
SP at the same location between both right PPVV. SP maps under both noisy situations did not

present significant modifications with the original one.
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Figure 5.7. Example of singularity point (SP) histogram of an atrial fibrillation patient obtained
with ECGI, and fibrosis map obtained with LGE-MRI (A). SP histograms for adding electrical
noise to body surface signals to the patient (B). SP histograms obtained for displacements of the

heart geometry (C).

109



Chapter 5. Results

In summary, these patient examples demonstrate that reliable LAT and SP maps can be obtained
despite added noise and cardiac geometry displacement, with optimal Ar. values adapting to filter

noise effectively.
5.3.2.2.Regularization optimization based on the L-curve shape

An example of the applicability of the relationship found between A and f is shown in Fig. 5.8.
LAT maps of a signal during pacing from the coronary sinus in an AF patient are displayed in
panels A-B. The map obtained with a regularization parameter selected at the corner of the L-
curve (A) shows a propagation consistent with coronary sinus stimulation but with an inconsistent

early activation site on the right atrial appendage (RAA).

In this case, the A. value obtained at the corner of the L-curve, is out of the range of values
observed based on the value of B described in Fig. 4 (expected A between 10 and 10°). By
solving the inverse problem with a corrected Ag value increased by one order of magnitude (see
(9) for details on the estimation of the A value based on the measured ), the LAT map is more
consistent with a coronary sinus stimulation and the right atrial appendage no longer appears as
an carliest activation site. Selecting a regularization parameter based on the  angle is also helpful
to define an exploratory range for regularization parameters, which should be chosen based on

the noise present in the BSPM signals.

(a) L-Curve Corner (b) L-Curve Slope
Regularization Selection Regularization Selection

LAT (ms)

Figure 5.8. LAT maps of atria stimulated in the coronary sinus (CS). Panel A shows the LAT map
with the optimal A, obtained with the L-curve method and panel B shows the map obtained based
on the angle . Top row show the back part of the atrium and bottom row the front part.

110



Chapter 5. Results

In Fig. 5.9, LAT maps from an AFL patient were obtained using different exploratory ranges of
L. In panel A, the map was computed with a wide exploratory range of A between 1075 to 1072,
observing an-L-curve with a double L shape (Fig. 5.9B) with two local maxima of the curvature.
The maximum curvature value corresponds with A, = 2.1-10"° and by using this regularization
parameter showed the same macro-reentry found on the electroanatomical map. However, for a
narrower exploratory range between 107° to 107, the A, found equals 5.2-10"'2 and the resulting
map (C) does not allow identifying the macroreentry due to noise amplification by a small chosen
parameter. In this situation, a A value derived from the B angle (following (9)) results in a Ag =

8.8:10°%, and allows estimating again the macro-reentrant pattern.

In summary, the relationship between A and P can be utilized to optimize regularization,

resulting in more accurate LAT maps that better reflect the expected activation patterns.
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Figure 5.9. LAT map of an atrial flutter obtained with a wide range of AL (A) and its L-curve and
curvature (B). LAT map of an atrial flutter obtained with a sub-optimal range of Ar (C) and its L-
curve and curvature (D). Panel E shows the LAT map corrected based on  obtained from the L-

curve of panel D. Endocardial coherence map (F).
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5.4. Discussion

In this paper, we demonstrated the significant impact of various noise sources on the selection
of optimal regularization parameter to solve the inverse problem of the electrocardiography,
taking into account the signal-to-noise ratio of body surface potential map recordings and

potential geometrical errors.

We evaluated the influence of electric and geometric noise sources when employing the L-curve
optimization method. By introducing the f angle as a novel metric, we provided new criteria to
adjust the regularization parameter when the maximum curvature of the L-curve does not offer a
clear indication of the optimal value. This approach enhances our understanding of the
relationship between noise sources and the L-curve method, allowing for more accurate and

reliable ECGI analyses.

5.4.1. Effects of Noise in the L-curve

In previous studies, we have shown that a geometrical uncertainty of the estimation of the heart
geometry affects to the L-curve curvature (Rodrigo et al., 2018) and this information was used to
improve the location of the heart mesh inside the torso. Furthermore, other geometrical errors
(Molero et al., 2022, Huiskamp et al. 1989) and uncertainties (Wang et al., 2010) have been
reported as sources of errors in the inverse solution. In this study, we reveal that the maximum
curvature of the L-curve is influenced by other sources of noise, such as electrical noise in the
signals. Whereas the effects of electrical noise (Cheng et al., 2003) and filtering (Bear et al., 2021)
on ECGI have been explored, their impact on regularization and the robustness of the analysis
have not been previously reported. We propose a method to distinguish between electrical and

geometrical noise based on the slope of the predominantly horizontal component of the L-curve.

We found an inverse relationship between the amount of noise in BSPM recordings and the
maximum curvature of the L-curve. Although both geometric and electrical noise can decrease
the maximum curvature of the L-curve, increasing A. only benefits the ECGI solution in the
presence of electrical noise, as this allows for noise reduction by smoothing the inverse
electrograms, but does not overcome the errors introduced by geometrical noise. Our analysis of
the L-curve shape revealed a direct relationship between the B value and electrical noise levels.
Therefore, the proposed method can help find the optimal regularization parameter when the A
values appear small for the amount of noise present in the signal, offering an alternative to

identifying the corner of the L-curve when it does not exhibit an L-shape
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Additionally, we demonstrated that the search space for At depends on the SNR of the BSPM
signals and that this search space can be estimated based on the curvature of the  angle, tackling
the problem of determining an optimal search range of this parameter. Our study describes the
optimal regularization parameters that should be used in zero order Tikhonov regularization for a
set of SNR levels, suggesting that small values of Ar can be employed in low noise situations but

should be avoided when significant noise is present.

Moreover, Fig. 9 illustrates how the explored range of A could result in sub-optimal solutions
even though an L-curve is identified and the range of A. is falling withing the range of the singular

values of the inverse matrix (Hansen, 2001).

Lastly, we demonstrated the feasibility of estimating SNR of BSPM signals from the  angle.
We observed that adding of noise above a certain SNR level (10 dBs to 20 dBs) does not affect
L-curve shape, possibly indicating that the SNR level already present in our BSPM signals ranged
between 20 and 10dBs.

5.4.1.1.Rhythm-dependent effect of noise on the L-curve shape

Differences on the effect of noise on the L-curve shape were found between AF and regular
rhythms, and consequently on the ECGI signals. During AF, the irregularity of the electrical
propagation is reflected in higher residual errors than during non-fibrillatory rhythms even for the
same SNR and, therefore, the shapes of the L-curve differ between rhythms. For this reason, we
conducted separated analysis for fibrillating and non-fibrillating rhythms and proposed different

space search for the regularization parameter for both types of rhythms.

5.4.2. Effects of noise in the extracted ECGI maps

As the L-curve shape changes, we anticipated finding ECGI maps that reflected the amount of
noise added to the BSPM signals. We observed that, independently of the SNR and the
displacement of the cardiac mesh, the relevant information of LAT maps (i.e., the center of the
macroreentry of the AFL example) remains preserved even under the presence of these
uncertainties when the regularization parameter is correctly selected. Additionally, equivalent
results were found for singularity points histograms, where reentries were found at the same
location as the original ECGI-derived histograms without electrical noise and geometrical
uncertainties added. This demonstrates the robustness of the ECGI maps when the regularization
parameter is accurately determined, despite the presence of noise and other geometrical

uncertainties.
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5.4.3. Limitations

In this study, we explored the effect of different sources of noise in ECGI for different atrial
rhythms. Even though the difference in the L-curve variations between AF and regular rthythms
was clear, more simulations of regular rhythms and more cardiac geometries should be explored

in future studies.

Only two primary sources of noise were considered in this study. Other sources of uncertainty
may affect the shape of the curve and the regularization, such as cardiac motion, different
conductivities of the inner organs (Ramanathan and Rudy, 2001), etc. Future research might

determine the impact of these additional sources of uncertainty in the ECGI resolution.

5.5. Conclusion

In conclusion, this study has demonstrated the significant impact of different sources of noise
on the selection of the optimal regularization parameter in ECGI. For the first time, we have
proposed new criteria for selecting optimal regularization parameters that take into account the
signal-to-noise ratio of body surface signals and potential geometrical errors. By analyzing the L-
curve shape and establishing a relationship between the B angle and the electrical noise level, we
have developed a method that enables better differentiation between electrical and geometrical

noise, leading to improved ECGI maps and more reliable clinical information.

The findings presented in this paper have the potential to enhance the accuracy and reliability
of ECGI solutions specially during complex patterns such as AF, which could ultimately improve
patient care and outcomes. As the field of ECGI continues to advance, incorporating these novel
techniques will be crucial for obtaining accurate and meaningful data to guide clinical decisions

and patient management.
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Chapter 6

Filtering Strategies of Electrocardiographic Imaging
Signals for Stratification of Atrial Fibrillation Patients

Rubén Molero', Ismael Hernandez-Romero', Andreu M Climent!, Maria S Guillem!

Abstract

Background and objective: Electrocardiographic imaging (ECGI) has been used for guiding
atrial fibrillation (AF) ablation, identifying reentrant activity by phase analysis with promising
results. The objective of this study is to identify the best post-processing configuration for
reentrant activity detection that better differentiates AF patients with different prognoses after
catheter ablation.

Methods: ECGI signals of 24 AF patients before pulmonary vein isolation (PVI) were recorded.
Patients were classified based on recurrence 6 months after PVI. Reentrant metrics were
compared using 3 types of post-processing: none, sinusoidal recomposition (SRC), and narrow
band-pass filtering centered at the highest dominant frequency (NB HDF). Different thresholds
for rotor duration were also compared (0.5, 1, and 1.5 turns).

Results: The use of raw ECGI signals with a threshold of 1 turn presented the optimal processing
to identify PVI-positive responders (p<0.05). NB HDF showed a better ability to find statistical
differences between patients than SRC.

Conclusion: Aggressive filtering of AF ECGI signals does not improve rotor identification to
predict PVI outcome. Restrictive rotor duration thresholds diminish patient stratification. This
definition of a post-processing strategy that allows patient stratification can be used for the
improvement of the standard of care for finding the best candidates for PVI.

R. Molero, I. Hernandez-Romero, A. M. Climent, and M. S. Guillem, “Filtering strategies of
electrocardiographic imaging signals for stratification of atrial fibrillation patients,” Biomed.
Signal Process. Control, vol. 81, p. 104438, Mar. 2023.

TTACA Institute, Universitat Politécnica de Valéncia, Valéncia, Spain
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6.1. Introduction

Atrial fibrillation (AF) is the most common cardiac arrhythmia, and maintenance can be
partially attributed to drivers that cause reentrant electrical activity on the surface of the atria
(Guillem et al., 2016). This arrhythmia can be terminated by invasive procedures like pulmonary
vein isolation (PVI), an ablation procedure that has been shown to be effective for restoring sinus
rhythm. Prior studies have shown that ablation of reentrant drivers and/or focal sites improves the
results of the ablation procedures as compared to PVI only (Narayan et al., 2012; Haissaguerre et
al., 2014). Identifying these reentrant patterns with current invasive mapping technologies is
challenging, and for this reason, noninvasive alternatives that offer a panoramic view of both atria,
i.e., electrocardiographic imaging (ECGI), can be useful for the identification of AF drivers. ECGI
allows estimating the epicardial electrical activity by using body surface electrocardiograms and
the information of the anatomy of the patient. Several studies have made use of ECGI to guide

ablation procedures in patients with AF (Haissaguerre et al., 2013; 2014) with promising results.

With the objective of validating ECGI signals during AF, we have shown that complexity
metrics of propagation patterns of intracardiac and ECGI mapping in AF patients are correlated
(Rodrigo et al., 2020). However, it is still unknown the relevance of either a lack of accuracy of
ECQGI, poor accuracy of the intracardiac mapping technology with a limited spatial resolution and
areas that cannot be mapped by basket catheters, or a poor post-processing strategy for rotor
identification on the discrepancies observed between ECGI and electrogram mapping metrics
during AF. Likewise, an agreed strategy of how to post-process ECGI signals is not defined to
evaluate the reentrant activity of AF; thus, in this article, we compare different strategies to

evaluate rotor identification.

Rotors are typically identified by phase mapping after computing the Hilbert transform of ECGI
signals (Zlochiver et al., 2008; Naratan et al., 2012; Rodrigo et al., 2017). Hilbert transform allows
finding an instantaneous correspondence between the time series of an ECGI signal into phases
of the activation sequence. Singularity Points (SP) are sites where a propagation pattern pivots
around and are found as sites where all phases converge. In previous studies using physiological
computer models of AF, we have shown that connected SPs should be required to complete at
least one turn to be considered as rotors in order to achieve enough specificity (Rodrigo et al.,
2017b). However, this threshold has not been validated with human data, in which far field
contributions still present after solving the inverse problem do result in tracking discontinuities
in rotor detection. Under these uncertainties that occur in real patient data, real rotors lasting for
several turns can be incorrectly detected as multiple rotors lasting less than one turn and, therefore,

a too restrictive threshold may result in a lack of sensitivity.
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In order to improve potential limitations of sensitivity in the detection of rotors, several post-
processing filtering approaches have been proposed: none, sinusoidal recomposition filtering
(Kuklik et al., 2015), and filtering the signals with a narrow band-pass filter centered at the highest
dominant frequency (Rodrigo et al., 2017b). The objective of the present study is to identify which
are the best post-processing techniques to identify atrial rotors, including both the filtering
strategy employed for conditioning the ECGI signals and the number of turns required for SPs to
be considered as rotors. We will base our selection criteria on maximizing the differences in the
variability of rotor metrics of patients with a favorable and unfavorable outcome after pulmonary
vein isolation (PVI), under the assumption that the underlying electrical characteristics of these
two groups of patients should be different and identifiable by ECGI. Furthermore, we
hypothesized that the variability of reentrant metrics should be lower in patients with good PVI

outcome. A preliminary version of this work has been reported (Molero et al., 2020).

6.2. Methods

6.2.1. Patient signal and geometry acquisition

Signals from 24 AF patients (18 females and 6 males; 61.8 + 14.3 years old) were obtained by
Body Surface Potential Mapping (BSPM) with 57 electrodes placed on the torso surface prior to
a wide circumferential PVI procedure (Molero et al., 2021). Patients gave informed consent, and
the protocol was approved by the Ethics Committee of Hospital Gregorio Maranon, Madrid, Spain
(reference 475/14). Two groups of patients were defined according to the success of PVI 6 months
after the intervention: patients with sinus rhythm after 6 months (N=13), and patients with atrial

arrhythmia after 6 months (recurrence of AF, atrial tachycardia, or atrial flutter, N=11).

The torso geometry of the patients and the electrode location were obtained using video
recording and reconstructed by photogrammetry techniques (Remondino, 2004). MRI/CT scan
images were also obtained, and both the atria and the torso were segmented using ITK-SNAP
software (Yushkevich et al., 2006). Torso and atrial geometries were co-registered using the torso

reference from MRI/CT images.

BSPM signals were recorded at 57 locations on the torso with 0.05 to 5S00Hz filtering and a
sampling frequency of 1 kHz (Rodrigo et al., 2020). Two signals per patient were segmented (4 £
0.31s) and then band-pass filtered between 2 and 45 Hz to eliminate noise, and ventricular activity
(QRST segment) was canceled lead by lead by Principal Component Analysis (PCA) approach
(Castells et al., 2005). Inverse computed electrograms (ECGI) of each BSPM signal were

121



Chapter 6. Methods

calculated by using zero-order Tikhonov regularization and L-curve optimization (Rodrigo et al.,

2018).

6.2.2. ECGI post-processing

With the objective of adequately identifying AF drivers, 3 ECGI signal processing alternatives,
Fig. 6.1, were applied before phase calculations were computed. Metrics based on raw ECGI
signals (no further filtering or other post-processing) were compared with the same signal with
two different filters, namely sinusoidal recomposition (SRC) and narrow band-pass filtering (NB

HDF).

- Sinusoidal Recomposition (SRC) (Kuklik et al., 2015) consists of decomposing each signal
into a set of sinusoidal wavelets with an amplitude proportional to the slope of the signal at a
given time instant, Fig. 6.1B. The period of the wavelet is computed as the mean cycle length of
each ECGI signal derived from the dominant frequency of the electrogram. Welch’s periodogram

was calculated to obtain the power spectral density of electrograms using a 2000ms window.

- Narrow band-pass filtering centered at the Highest Dominant Frequency (NB HDF) was
applied to ECGI signals with a bandwidth of 1 Hz (HDF = 0.5 Hz), Fig. 6.1C. HDF was calculated
as the 95 percentile of the dominant frequency of all ECGI signals together. To obtain dominant
frequencies, the power spectral density was computed by Welch’s periodogram as in previous

works (Rodrigo et al., 2014; 2017).

6.2.3. Reentrant activity detection

The instantancous phase of ECGI signals was computed using Hilbert’s transform (Narayan et
al., 2012a). This transform allows assigning a value between -n and +xn to each sample of the
signal. The reentrant atrial activity was defined as a phase progression from -m to +m
monotonically increasing or decreasing around a single point in the epicardium. Singularity points
(SP) were required to be identified in at least two of three concentric rings (Rodrigo et al., 2017b).
To consider a SP as a rotor, three different temporal thresholds were compared: 0.5, 1, and 1.5
turns. As a result of this thresholding criteria, nine alternatives: 3 filtering strategies and 3 different
rotor duration thresholds, were evaluated. Furthermore, for each alternative SPs histograms were

calculated to represent the cumulative SPs in each node of the atria surface.
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Figure 6.1. Example of consecutive ECGI signals around a phase singularity for each type of
processing (no filter, sinusoidal Recomposition (SRC), and narrow band-pass filter at the highest
dominant frequency (NB HDF). Blue signals represent the voltage value, and pink signals the
phase obtained with Hilbert’s transform. Solid line on top of the electrograms represents the time
instant chosen for representation in the phase maps depicted and dotted line represents the course

of the reentry, most evident in the transition of phases between - and =.

6.2.4. Reentrant activity evaluation and statistical analysis

To evaluate each rotor detection alternative, different metrics were calculated. First, in order to
make our SP detection independent of the sampling frequency, we quantified the amount of
singularity points per time unit (SP/ms). The mean duration of rotors was also computed as the
mean duration of detected rotors. Finally, the Shannon entropy of the SP histogram was calculated.
The maximum displacement of each rotor was also calculated as the maximum distance between

two phase singularities of the same rotor.

The mean value of metrics extracted from two segments of signals from the same patient was
calculated for each post-processing alternative. To study the variability in time of the metrics, the

absolute difference between metrics extracted from both signal segments was computed and
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calculated for the totality of the patients for each post-processing case: ASP/ms, ARduration and

AEntropy.

To detect if there are significant differences in the variability of metrics extracted from two
ECGI signals and between the two groups of patients (PVI responders or nonresponders with bad
outcome), the normality of the values was studied using the Kolmogorov-Smirnov test followed
by Student’s t-test with normal samples and Wilcoxon rank-sum test to non-normal samples for

each post-processing alternative.

For a more comprehensive evaluation of the ability to identify each patient group, a metric
derived from the three presented metrics was computed, normalizing each of the metrics based
on their minimum and maximum value and averaging them. Univariate logistic regression of this
overall ratio was calculated for each of the post-processing techniques to quantify the ability to
discriminate between patient groups. Receiver operating characteristic curves (ROC) of each case
was computed as well as the resultant area under the curve (AUC). Furthermore, confusion
matrices of each logistic regression were obtained using the optimal operating point of the ROC

curve as a threshold.

6.3. Results

6.3.1. Reentrant activity analysis

In Fig. 6.2, an example of the effect of the different rotor detection alternatives is presented.
Phase maps of the same patient at the same time instant for the 9 studied alternatives are shown.
As it can be observed, the different filtering strategies do impact the phase distribution, and,
therefore, rotors are identified at different locations even for the same time instant. With the less
restrictive rotor duration threshold, we can observe differences between the different filtering
strategies. Using raw signals, the number of short-lasting detected rotors is large because either
they represent short changes in the direction of the phase that show an altered substrate or the
tracking may be lost at several time frames. SRC resulted in fewer detected rotors mostly at the
same locations as those detected with the raw signals, but also short-lasting. NB HDF filtering

shows longer-lasting rotors and at similar locations than for the raw signals.
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Restrictions on rotor duration do have an impact on the location of the detected rotors since
short-living rotors or rotors that disappear transiently are not considered, which is more evident

for a 1.5 turns threshold: both raw and SRC do not present rotors meeting this temporal restriction.

0.5 Turns 1 Turn 1.5 Turns

No Filter

SRC

NB HDF

Rotor Duration (s)

(9 (h) (i)

- 0 +T
Phase

Figure 6.2. Phase maps of an ECGI signal with different types of processing (no filter, sinusoidal
Recomposition (SRC), and narrow band-pass filter at the highest dominant frequency (NB HDF)
using different singularity point threshold detection 0.5, 1, and 1.5 turns. Colors projected on the
atrial surface represent the instantaneous phase at the sample time instant. Lines depicted on top
of the maps indicate the presence of rotors at the sample time instant blue-pink color indicates the

evolution in time and space of each rotor.
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In Fig. 6.3, a summary of SP identification over a segment for the same patient depicted in Fig.
6.2 is illustrated. All the maps clearly show the presence of reentrant activity in the pulmonary
veins and the lower part of the right atrium. Rotor histograms obtained after SRC and raw signals
are very similar to each other for any rotor duration threshold. NB HDF maps show a larger
amount of SPs detected compared with the other two types of processing techniques. It can be
observed a decreased rotor detection when the rotor duration threshold is more restrictive (higher
number of turns) for no filtered and SRC histogram maps. Despite the detection of fewer amount
of rotors with a higher turn threshold, the area where the rotors anchor was preserved. On the
contrary, maps with 0.5 turns as the threshold showed an increased reentrant activity that may be

caused by the consideration of areas of lower changes in phase as SPs.
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Figure 6.3. Singularity point histogram of an ECGI signal with different types of processing (no
filter, sinusoidal Recomposition (SRC), and narrow band-pass filter at the highest dominant
frequency (NB HDF) using different singularity point threshold detection 0.5, 1, and 1.5 turns.
The color projected on the atrial surface represents the number of rotors detected at each atrial

site.
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Temporal evolution of rotor detection with the different strategies presented is depicted in Fig.
4, where each row in each panel represents a rotor, and the vertical axis represents time. The
length of each row represents the duration of each rotor, and the color shows its displacement
across the atria. Raw and SRC ECGI signals show a similar number of rotors for each turn
threshold (i.e. 0.5 turns, 169 vs. 175 rotors respectively). In phase maps obtained both without
filtering or with SRC, rotors last shorter and present longer trajectories than with NB HDF

filtering.
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Figure 6.4. Rotor presence during a 4-seconds recording with different types of processing (no
filter, sinusoidal Recomposition (SRC), and narrow band-pass filter at the highest dominant
frequency (NB HDF) using different singularity point threshold detection 0.5, 1, and 1.5 turns.
Each row represents a rotor detected ordered by time at which each rotor first appears. Color

represents the maximum rotor displacement.
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As observed in Fig. 6.2-6.4, filtering, in general, tended to stabilize rotors, making them last
longer and be less fragmented in time and space. Again, NB HDF filtering resulted in more stable
rotors. A clear reduction in the number of rotors is shown when the duration threshold is increased

as compared with less restrictive thresholds.

These findings can be further observed in the results from the whole population of 24 patients
depicted in Fig. 6.5A-C, where the mean and standard deviation values of two measurements of
all metrics are presented. Raw signals presented very similar values compared to SRC filtering of
SP/ms and spatial entropy. The number of SP/ms was significantly higher (p<0.01) for NB HDF
signals than for both raw or SRC signals (11.4 + 8.07, 9.77 £ 6.89, and 9.4 £ 6.05, respectively,
for 0.5 turns). By increasing the threshold for SP detection, the number of detected SP/ms
decreased for the three filtering methods, although with more intensity for raw and SRC signals

and for NB HDF to a lower extent.

Rotor duration, as depicted in Fig 6.5B, presented values under 0.2s for raw signals. The
duration was increased when filters were applied, especially in NB HDF filtered signals (1.5 turns
SRC: 0.22 + 0.07s, HDF filtering: 0.47 + 0.10s). In addition, rotor duration presented increased
values when thresholds were more restrictive (no filter at 0.5 turns: 0.07 + 0.02s, 1 turn: 0.1 £
0.03s and 1.5 turn: 0.14 £ 0.04s). Therefore, both filtering and restrictive thresholds avoid the

detection of reentrant patterns of shorter duration.

Spatial entropy presented fewer differences when filters were applied compared to other
metrics. In this metric, the highest values were found for raw signals, with more similar results
between SRC and NB HDF signals (1 turn: 9.23 + 0.53, 8.68 = 0.72, and 8.46 £+ 0.69,
respectively). Besides, spatial entropy showed lower values at higher turn thresholds. On the
contrary, NB HDF filtered signals were not significantly decreased with restrictive thresholds (0.5
turns: 8.68 +0.66, 1 turn: 8.46 £ 0.69, and 1.5 turns: 8.23 £ 0.73). Overall, filtering and restrictive

thresholds terminate with less complex SP histograms with lower spatial entropy.

In Fig. 6.5D-F, the variability of each metric is presented for each post-processing alternative.
Filtering did not reduce the temporal variability of the different metrics as it was expected,
especially for NB HDF filtering. In Fig. 6.5D it can be observed that ASP/ms presented similar
results for raw and filtered signals, being decreased for higher turn thresholds. On the contrary,
ASP/ms for NB HDF presented higher values, less affected by the turn threshold (1 turn raw: 13.8
+21.5 vs. NB HDF: 25.5 = 40.5). The ARduration was found to be lower in raw signals, showing
low differences in the variability for the different thresholds. Nevertheless, the threshold on
ARduration presented more drastic effects for the filtering signals, which presented rotors of more

variable durations for higher turn thresholds. Finally, AEntropy showed higher values when the
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threshold increased, and higher variations between thresholds were seen for both raw (1 turn:

0.27 £0.29, 1.5 turns: 0.43 £ 0.46), and SRC filtered signals (1 turn: 0.38 £0.49, 1.5 turns: 0.58 +

0.49).
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Figure 6.5. Mean and standard deviation A-C values for each metric using different post-
processing methods (no filter, sinusoidal Recomposition (SRC), and narrow band-pass filter at
the highest dominant frequency (NB HDF) and different singularity points detection thresholds:
0.5 (black), 1 (gray) and 1.5 turns white). Variability between metrics extracted from two

segments of each patient for the named post-processings D-F.
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6.3.2. Post-processing effects and PVI outcome

Values of the absolute difference between two metrics were compared between two groups of
patients depending on their outcome 6 months after PVI. Fig. 6.6 shows boxplot diagrams of the
quantified reentrant metrics for both the sinus and arrhythmia recurrence groups of patients. In
general terms, patients with successful PVI at 6 months showed a lower variability of the metrics
independently of the post-processing technique employed compared with patients with poor PVI
outcome, although most of these differences were non-significant. The best post-processing
alternative for discriminating between patients with a later successful PVI ablation was found to
be raw signals and a duration threshold of 1 turn with p values for ARduration and AEntropy of

0.03 and 0.04, respectively.
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Figure 6.6. Mean absolute difference between two measurements for reentrant metrics for patients
classified by PVI outcome. Each row of panels represents each metric and each column of panels
the thresholds used to detect a rotor. In each panel, on the left boxplots, no filtering is applied,
middle: sinusoidal recomposition (SRC) and right: narrow band-pass filter at the highest dominant
frequency (NB HDF). White boxplots represent patients with good PVI outcome, gray boxplots

patients with bad PVI outcome. Outliers were removed for a better visualization of the results.
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Receiver operating characteristic curves were computed with the result of the univariate logistic
regression of the normalized value of the combination of the variability of each alternative. In
Fig. 6.7, ROC curves and area under the curve values are presented. The highest AUC value, 0.8,
was found for raw signals with 1 turn threshold, which is consistent with the results displayed in
Figure 5. Both SRC and NB filtering were less successful for discriminating between patients
with different outcomes, with the highest AUC equal to 0.71 and 0.62, respectively. Confusion
matrices show that for the best AUC, a sensitivity of 100% was obtained, with low values of
specificity, that were higher in other post-processing alternatives that presented a worse general

patient classification.
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Figure 6.7. Receiver operating characteristic curves and values of area under the curve (AUC) for
the logistic regression with normalized mean variability of the three metrics for patients’
classification based on PVI outcome for each filtering strategy and confusion matrices obtained
with the optimal operating point of the ROC curve (SR: sinus rhythm, AR: arrhythmia
recurrence). ROC curves obtained with 0.5, 1, and 1.5 phase singularities thresholds are presented

in blue, green, and orange, respectively.

6.4. Discussion

In this paper, we present a comparison of different signal post-processing methods for reentrant
activity detection in ECGI maps. We have shown that the interpretation of ECGI maps is
dependent on the post-processing strategies employed, although results show that rotor location
is stable and comparable between the proposed alternatives. The main findings of our work are

that it is possible to find statistical differences in the variability of phase metrics obtained with
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ECGI recordings between patients with AF termination after PVI ablation and that those

differences rely on the post-processing of ECGI signals before phase analysis.

We have shown that both sinusoidal recomposition and narrow band pass filtering centered at
the HDF do stabilize phase singularities and make them easier to be tracked but reduce the
differences in the variability of SP/ms, rotor duration, and the spatial entropy for different PVI
outcome groups. The duration threshold for phase singularities to be considered has been shown

to be of little relevance for the predictive power of phase-derived metrics.

6.4.1. ECGI-derived phase metrics and PVI outcome

We have found that rotor-derived metrics that best allow determining the differences between
groups of patients depending on their PVI outcome are better found when no aggressive filters
are applied prior to phase calculation in rotor duration and spatial entropy, especially when a
traditional threshold of 1 turn was applied for the detection. Patients with a good PVI outcome
presented lower variability between rotor duration and spatial entropy along time. A lower
variability of the metrics can reflect a more stable atrial substrate with a better response to ablation
treatments. Therefore, this may indicate that the detected rotors are related to the electrical
substrate and are not just post-processing artifacts without a link to the atrial substrate of the
patient. This observation of the patients with lower variability in the detected drivers is consistent
with the success of therapies aiming at rotor elimination (Narayan et al., 2012; Haissaguerre et
al., 2014) that have shown an improved outcome by ablating AF sources since more stable in time

reentrant activity can ease the AF termination.

In the logistic regression analysis, we observed consistent results with the individual metrics
comparison. The resulting ROC curves of the study are moderate specially for SRC and NB-HDF
filtering, with AUC values under 0.65 and a weak power of classification of the patients based on
the PVI outcome. No filtering the ECGI signal and using a 1 turn SP detection threshold presented
an AUC of 0.8 and could classify properly the totality of patients with good PVI response.
Nevertheless, it was observed an increased number of patients with arrhythmia recurrence

classified as PVI responders.
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6.4.2. Effects of filtering ECGI signals for rotor detection

We have shown that filtering ECGI signals before applying the phase transform do impact the
number of phase singularities detected and the resultant metrics. Filtering stabilized rotors but
reduced the statistical differences between patients with different outcomes, especially for SRC

filtering.

In previous studies from our group, we have used NB HDF filtering prior to phase singularity
detections (Rodrigo et al., 2017; 2014; 2020; Costoya-Sanchez et at., 2020). These studies show
the potential of NB filtering in simulated and intracardiac electrograms of AF patients by
stabilizing rotors that are unstable when using raw ECGI signals or the BSPM phase. We have
also shown that HDF filtering applied to inverse computed simulated electrograms may cause
artefactual rotors (Rodrigo et al., 2017), which is consistent with the decreased discriminative
power between patients with different outcomes compared to no filtered signals. No previous
study has shown the effect of this filter on ECGI signals from AF patients. Even though it is not
possible to know in a real case scenario which of our detected rotors are real and which rotors are
artefactual, it is feasible that false rotor detection is also produced in real ECGI signals when HDF
filter is applied. Nonetheless, the three different filtering approaches show equivalent results,

being no filtering the signals the easier approach and more optimal for patient differentiation.

We have shown that the use of sinusoidal recomposition to detect reentrant activity in ECGI
signals prior to SP detection does not improve rotor metrics as compared to the use of raw signals.
Kuklik et al. showed that SRC filtering robustly alleviates the effect of noise on the phase of the
signal (Kuklik et al., 2015), but it is not able to find a statistical difference in the variability of
metrics between patients. In the same direction, more recent studies applying SRC to epicardial
atrial electrograms have shown that filtering the SPs had low specificity for identifying rotating
wavefronts during human AF since lines of conduction block do result in phase singularities
(Podziemski et al., 2018). This is consistent with the presented results, which showed a decreased
number of SP/ms when SRC was applied prior to rotor detection. The decreased value with the
lower ability to differentiate patients per PVI outcome may indicate that SRC worsens the proper

quantification of the real atrial substrate.

6.4.3. Effects of time-space criteria for rotor detection

In previous studies, we demonstrated that using 3 concentric rings to detect singularity points
increases the sensitivity of reentrant activity identification (Rodrigo et al., 2017b) whereas others

recommended only 2 for a robust detection (Kuklik et al., 2017). Furthermore, SRC was applied
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to previous SP identification using 1 turn as threshold criteria (Kuklik et al., 2017; Dharmaprani
et al., 2019). Several authors used this same threshold to consider a gradient of phase rotating a
point in the atria to accept as a reentrant activity, but no consensus on this value has been
established for ECGI signals of AF patients (Haissaguerre et al., 2014; Kuklik et al., 2015;
Podziemski et al. 2018). Despite the lack of consensus, we showed a good correlation of
noninvasive detected drivers with intracardiac mapping with a threshold of 1 turn (Rodrigo et al.,

2020).

The effect of establishing a duration threshold in the detection of rotors in patient signals has
affected the discriminative power of the rotor metrics. In this study, we decided to test three
different thresholds to detect SP. Better performance for longer and restrictive values (1.5 turns)
was expected due to the elimination of spurious rotation detections. In the present results, the
threshold of 1 turn showed a better ability to differentiate relevant singularities to relate AF
patients to their PVI outcome. This observation does not mean that there are no rotors that last
less than one turn, but the propagation of this electrical pattern to the torso may hinder the tracking
of the singularities, and more restrictive threshold values lose significant rotors. On the other
hand, for thresholds lower than 1 turn, our results showed lower significance in the variability of

the studied metrics.

6.4.4. Clinical implications

Pulmonary vein isolation has a 60% success of AF termination (Narayan et al., 2012b), with
higher success in patients with paroxysmal AF. For this reason, the inclusion criteria for this
intervention mainly rely on AF patients’ symptoms and AF classification (Hindricks et al., 2021).
Despite this, the low effectiveness of the ablation needs an improvement of the procedure and
inclusion criteria of the patients. Other alternatives like rotor-driven ablation have demonstrated
promising results in increasing AF termination compared to PVI only (Narayan et al., 2012;
Haissaguerre et al., 2014), nonetheless presence of rotors has not been used to predict AF ablation
outcome (Haissaguerre et al., 2014). The use of ECGI has been reported to be useful for rotor
identification (Rodrigo et al., 2020), and our study opens the possibility of using it as a clinical
decision method to personalize treatments and as inclusion criteria for PVI to better select patients
more likely to benefit from PVI. We present here a benchmark study to standardize the best post-

processing methods for quantifying the presence of rotors in ECGI maps from patients with AF.
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6.4.5. Limitations and future work

We have compared two aggressive filtering strategies of ECGI signals with a wide-band ECGI
filtering and shown no benefits of filtering for identifying differences in rotor metrics related to
PVI outcome. We cannot exclude the possibility that other post-processing methods could
enhance significant differences in rotor metrics related to PVI outcome. Furthermore, the
possibility of consideration of artifacts as rotors needs to be taken into account, as well as the
possibility of considering that other possible mechanisms that may maintain AF could be detected

after each filtering as wavelets (Schotten et al., 2021).

It was not possible to determine the presence and location of rotors in intracardiac recordings
because simultaneous intracardiac mapping with enough time-space resolution cannot be
performed. For this reason, we have not been able to quantify the effect of post-processing
techniques with intracavitary measurements as a gold standard, and we focused our study on
finding significant differences between the variability of reentrant metrics from patients with

different PVI outcomes.

6.5. Conclusion

Rotor metrics based on raw ECGI signals allow for differentiation of patients with different
prognoses after pulmonary vein isolation. Aggressive filtering strategies of atrial ECGI signals
are not necessary to identify relevant rotor features. A band-pass filtering of the signal before the
inverse problem between 2 and 45Hz is sufficient for proper differentiation between patients
depending on their outcome based on phase-derived metrics. Additionally, to compute reentrant
metrics, the threshold of 1 turn performed as the best alternative since it presents a compromise
between not missing real detected rotors and not detecting just changes in the direction of the

propagating wavefront.
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Higher Reproducibility of Phase Derived Metrics
from Electrocardiographic Imaging During Atrial
Fibrillation in Patients Remaining in Sinus Rhythm
after Pulmonary Vein Isolation
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Abstract

Background: Electrocardiographic imaging (ECGI) allows evaluating the complexity of the
reentrant activity of atrial fibrillation (AF) patients. In this study, we evaluated the ability of ECGI
metrics to predict the success of pulmonary vein isolation (PVI) to treat AF.

Methods: ECGI of 24 AF patients (6 males, 13 paroxysmal, 61.8 + 14 years) was recorded prior
to PVI. Patients were distributed into two groups based on their PVI outcome 6 months after
ablation (sinus vs. arrthythmia recurrence). Metrics derived from phase analysis of ECGI signals
were computed for two different temporal segments before ablation. Correlation analysis and
variability over time were studied between the two recorded segments and were compared
between patient groups.

Results: Temporal variability of both rotor duration and spatial entropy of the rotor histogram
presented statistical differences between groups with different PVI outcome (p<0.05). The
reproducibility of reentrant metrics was higher (R2>0.8) in patients with good outcome rather
than arrhythmia recurrence patients (R2<0.62). Prediction of PVI success based on ECGI
temporal variability metrics allows for an increased specificity over the classification into
paroxysmal or persistent (0.85 vs. 0.64).

Conclusions: Patients with favorable PVI outcome present ECGI metrics more reproducible
over time than patients with AF recurrence. These results suggest that ECGI derived metrics may
allow selecting which patients would benefit from ablation therapies.
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Chapter 7. Introduction

7.1. Introduction

Atrial fibrillation (AF) is the most prevalent arrhythmia in the adult population (Benjamin et
al., 2019), and it causes a major burden both in the patients and in health systems (Hindricks et
al., 2021). Although restoration of sinus rhythm would be desirable in the entire AF population of
patients this is not always feasible. When drug therapies fail in restoring sinus rhythm or in
minimizing AF-related symptoms, patients can be referred for catheter ablation (Hindricks et al.,
2021). Pulmonary vein isolation (PVI) is recommended for patients with paroxysmal AF and
persistent AF with low risks of AF recurrence, but despite these recommendations, the percentage
of AF recurrence in ablated patients is still high and around 40% (Calkins et al., 2017). It has been
reported that driver-guided catheter ablation of atrial areas with other lesions can reduce AF
recurrence after the ablation (Baykaner et al., 2018; Haissaguerre et al., 2014) but the most recent
guidelines for AF management still recommend further evidence before changing the current

recommendations (Hindricks et al., 2021).

Electrocardiographic imaging (ECGI) is a non-invasive technique that has shown its ability to
estimate the electrical activity of AF patients. ECGI has been used with success to guide ablations
based on driver identification (Narayan et al., 2012; Haissaguerre et al., 2014; Rodrigo et al.,
2020) and more recent studies have reported a good correlation between invasively and ECGI-
derived estimation of the complexity of the electrical patterns during AF (Rodrigo et al., 2020).
ECGI derived metrics of complexity have been shown to be related to the disease progression,
and more complex patterns are typically present in persistent AF patients as compared to
paroxysmal AF patients (Gao et al., 2019). However, these complexity metrics have not been

related to a differential outcome prediction.

The objective of this study is to evaluate the potential of ECGI derived complexity metrics as
an indicator of PVI success. We hypothesized that the reproducibility of ECGI complexity metrics
can be related to the complexity of the arrhythmia and the outcome of PVI to a larger extent than
the complexity estimated at a single temporal interval. We compared ECGI derived metrics of AF
patients prior to PVI obtained at different time segments and evaluated its variability in time in

patients with and without arrhythmia recurrence 6 months after PVI.
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7.2. Methods

7.2.1. Study Population

A population of 24 atrial fibrillation patients (18 females and 6 males; 61.8 + 14.3 years old)
was studied prior to a wide antral circumferential pulmonary vein isolation procedure. Patients
gave informed consent, and the protocol was approved by the ethics committee of Hospital
Gregorio Maraidn, Madrid, Spain (reference 475/14). Consecutive patients from this Clinical
Trial that had two or more signal segments with AF recorded prior valvuloplasty and PVI were
selected for being able to study the reproducibility of the metrics. Five patients of a totality of 29
did not present two AF signals prior the procedure with enough quality to be analyzed and were
removed from the present study. Out of the 24 patients, 13 were classified as paroxysmal AF and
11 as persistent AF and 10 patients had valvular insufficiency. A percutaneous balloon mitral
valvuloplasty was performed on patients with valvular diseases prior PVI. In procedure, patients
in sinus rhythm, AF, it was induced by decremental pacing at the pulmonary veins. A total of 6
patients were under antiarrhythmic drugs (flecainide n=1, amiodarone n=5). Patients were
followed 6 months after the ablation and then grouped into either sinus rhythm (N=13) or
arrhythmia recurrence (atrial fibrillation, atrial tachycardia or atrial flutter, N=11, see Table 7.1).
A 12 lead ECG and quality-of-life questionnaires were used for detecting arrhythmia recurrences

6 months after the PVI.

All Patients Sinus (n=13) Arrhythmia
(n=24) Recurrence (n=11)
Male (%) 6 (25 %) 5(38.46 %) 1 (9.1 %)
Age (Years) 61.83+14.03 59.23 £ 14.01 6491 +13.43
Paroxysmal AF (%) 13 (54.17 %) 9 (69.23 %) 4 (36.36 %)
Valvuloplasty (%) 10 (41.67 %) 7 (53.85 %) 3(27.27 %)
. Flecainide — 1 Flecainide — 1 Amiodarone — 3
Medical Therapy Amiodarone — 5 Amiodarone — 2
Amiodarone — 6 Amiodarone — 4 Amiodarone — 2
Medical Therapy after Flecainide -2 Flecainide -2 Beta-Blockers - 4
Ablation
Beta-Blockers - 8 Beta-Blockers - 4
Patients with Previous 23 (95.8%) 12 (92.3%) 11 (100%)
Ablations
Previous Ablations per 1.21+0.5 1.15+£0.55 1.27+£0.44
Patient
Left Ventricular 56.48 £6.92 59+6.14 53.73+£6.91
Ejection Fraction (%)
Left Atrium Size (cm?) 32.7+7.41 33.35+8.27 31.94+6.54

Table 7.1. Clinical description of the study population

141



Chapter 7. Methods

7.2.2. Data acquisition

We recorded surface ECG signals from the patients at 57 locations on the torso surface before
pulmonary vein isolation and valvuloplasty. Signals were recorded with 0.05 to 500 Hz filtering
and a sampling frequency of 1 kHz (Rodrigo et al., 2020). The geometry of the torso of the patients
and the electrode location were obtained using video recording and reconstructed by
photogrammetry (Remondino, 2004). Images from the video were exported and common image
pixels were used for 3D-torso reconstruction. A 3D-torso mesh and the corresponding texture was
used for electrode location identification. MRI/CT scan images were also obtained before the
intervention and both the atria and the torso were segmented semi-automatically when geometries
were well defined or manually layer by layer using ITK-SNAP when necessary (Rodrigo et al.,
2020) (Yushkevich et al., 2006). Torso and atrial geometries were co-registered using the torso

reference from MRI/CT images.

7.2.3. Data processing

To study the reproducibility among time of ECGI-extracted metrics, raw signals of two
segments of each patient (4 + 0.31s) were selected prior to PVI. The signals were preprocessed
removing the baseline and were band-pass filtered between 2 and 45 Hz to eliminate noise using
a 10th order Butterworth filter, and ventricular activity (QRST segment) was canceled lead by
lead by using the Principal Component Analysis approach (Castells et al., 2005). Inverse
computed electrograms were calculated by using zero-order Tikhonov regularization and L-curve
optimization (Rodrigo et al., 2018) for each segment. We applied Hilbert’s transform to the ECGI
signals to compute the instantaneous phase of each signal. Reentrant activity was defined as a
phase progression from -x to +n around a single point in the epicardium. Singularity points (SP)
were then defined as stable rotations around an atrial point for at least 1 turn in at least two out of
three concentric rings of increasing radii as described elsewhere (Rodrigo et al., 2017b). The
distance threshold between SP at consecutive time instants to considered SP related to form a
rotor was 1 cm (Rodrigo et al., 2017). SP histograms were constructed to represent the cumulative
SPs in each node of the epicardium, where a higher accumulation of SP detected represent areas

with more frequent pivoting electrical activity (Rodrigo et al., 2020).
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7.2.4. Atrial fibrillation complexity quantification

To evaluate the reentrant activity and the complexity of the arrhythmia in each patient, different
metrics of the signals were computed in the two segments recorded of each patient. Total
singularity points were computed as the number of phase singularities detected scaled by time
(SP/ms). Mean rotor duration (Rduration) was computed as the mean duration in seconds of the
detected rotors in the signal. Finally, the Shannon spatial entropy of the SP histogram was

computed.

7.2.5. Reproducibility measurements

To study the reproducibility of each metric, the variability of AF complexity metrics in time
was computed as the absolute difference between the metrics extracted from the two different
temporal segments: ASP/ms, ARduration and AEntropy were computed as the absolute
differences between SP/ms, Rduration and Entropy measured in interval 1 and 2, respectively. In
addition, the Coefficient of determination (R?) between the first and second metrics was

computed.

An additional quantification of the reproducibility of the different metrics was computed as the
ratio between the intra-patient variability and the variability between subjects: the variability

score (VS), see Equation 1 (Jekova et al., 2016).

|(X1 — X2)|
_ Intrasubject Variability  [(X1+ X2)[/2
" Intersubject Variability 9x1 (1)
Hx1

Where X1 is any metric at time interval 1 (namely SP/ms, mean rotor duration, or spatial
Shannon’s entropy), X2 is the same metric computed for interval 2, oy, is the standard deviation
of X1 and puy, is the mean value of X1. The lower the VS values, the higher the reproducibility

of the metric. Overall, a VS value lower than 1 is assumed to represent a reproducible metric.

7.2.6. Statistical analysis

In order to compare complexity metrics between groups (restoration of sinus rhythm vs.
arrhythmia recurrence or paroxysmal vs. persistent), mean values of the metrics of the first and
second interval were computed. Normality of the values of each patient’s group was computed

using the Kolmogorov-Smirnov test. To study differences between groups, student’s t-test was

143



Chapter 7. Results

computed to compare normal samples and Wilcoxon rank-sum test was computed to compare
non-normal samples. A p-value<0.05 was considered statistically significant. Statistical
differences in the R? between groups were computed using a tail t-test after Fisher r-to-z

transform.

7.2.7. Outcome prediction based on ECGI reproducibility

A reproducibility score (RS) was computed as the average between ARduration and AEntropy
in order to predict 6-months outcome of PVI. Univariate logistic regression of RS was performed
to predict the PVI outcome. Sensitivity and specificity were also computed based on the threshold
determined from the regression analysis and subsequent receiver operating characteristic curves
(ROC) and area under the curve (AUC) were computed. Furthermore, univariate logistic
regression was computed using AF type as a predictor of PVI outcome, to compare the proposed
method with the current standards for selecting PVI candidates. Finally, univariate logistic
regression was also computed for the determination of the AF type (paroxysmal vs. persistent)

based on the reproducibility score to see if RS is related to AF type.

7.3. Results

Two sample cases and their phase maps and SP histograms are represented in Fig. 1, including
one patient that maintained sinus rhythm 6 months after PVI (Fig 7.1A) and one patient in which
AF recurred (Fig. 7.1B). Phase maps from the first and second time interval in a patient with an
effective PVI do show reentries, mainly around the Right Inferior Pulmonary Vein (RIPV) and
therefore rotor histogram maps show a larger incidence at the RIPV, together with some
occurrences at other pulmonary veins. Phase maps of the patient with an ineffective PVI show a
more complex pattern, with a more inhomogeneous propagation. Rotor histogram in this patient,
therefore, showed more reentries in both atria, including the pulmonary veins but also the inferior
vena cava (IVC) and other sites in the right atrium. Although rotor maps obtained from the same
patient at different time instants do show large incidence areas at similar locations, the

reproducibility is larger in the patient in which PVI was effective.

144



Chapter 7. Results

A Sinus B  Arrhythmia Recurrence
S

[}]

£

o

=2

[72]

(5]

[

= !; ~
EF

€

[<}]

: ~~
o

=

7]

©

(]

=

T

< J_ _:-
N

Phase (rad) +m Rotor Presence  High -m Phase (rad) +m  Low Rotor Presence  High

Figure 7.1. Phase map and singularity points histogram of the first and second segment of the signal of a
patient that had sinus rhythm 6 months after PVI (A) and a patient with arrhythmia recurrence after ablation

(B).

7.3.1. Reproducibility of ECGI metrics vs. patient outcome

Values for all the complexity metrics for patients with an effective and an ineffective PVI are
presented in Figure 7.2. As it can be observed no statistical differences between the two groups
were found in any of the parameters and, therefore, neither the amount of SP/ms found nor their
duration or the entropy of the rotor histogram maps may allow anticipating in which patients PVI

might be effective.

Scatter plots of the metrics in the first segment versus the second temporal segment for both
groups of patients and each metric are presented in Fig. 7.3. As it can be observed, there is some
reproducibility in the measurements since metrics from the first temporal segment are closely
related to those in the second temporal segment and this correlation is higher for patients with a
successful PVI than for patients with an unsuccessful PVI. In fact, the R2 values are higher for
patients with favorable outcome and all measurements: SP/ms (R?>=0.87 vs. 0.36, p=0.04), spatial

entropy (R?>=0.87 vs. 0.39, p=0.05) or mean rotor duration (0.82 vs. 0.62, p=n.s).
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Figure 7.2. Mean values between first and second measurements for each metric for each patient
group (white: good PVI outcome, black: bad PVI outcome) and p-value from the Wilkoxon rank-

sum test between groups of singularity points per millisecond (A), mean rotor duration (B) and

spatial entropy (C).
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rotor duration (B) and spatial entropy (C).

Differences in the metrics between the first and second segment showed a similar trend than the

R? values: differences were significant both of the mean rotor duration and spatial entropy (Fig.

7.4), (p=0.03 and p=0.04, respectively).
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Figure 7.4. The absolute difference between the two measurements for each metric and group of
patients (white: good PVI outcome, black: bad PVI outcome) is presented with the p-value from
the Wilkoxon rank-sum test of singularity points per millisecond (A), mean rotor duration (B) and

spatial entropy (C).

Intersubject variability against the intrasubject variability of each metric is shown in Fig. 7.5A.
All the metrics presented a good reproducibility based on this criterium: variability among
patients was higher than for the same patient and therefore, all pairs of values are below the
identity line. Patients with a successful PVI presented both a lower intrasubject variability and
intersubject variability for all metrics (white colored in Fig. 7.5A and B), showing a better
reproducibility in comparison with the unsuccessful PVI. The number of SP/ms and spatial
entropy presented higher differences between groups of the patients regarding intersubject
variability. Mean rotor duration presented the lowest differences between groups. Variability
scores, shown in Fig. 7.5B show the same tendency of the R? values: patients with good PVI
outcome showed lower variability scores than patients with arrhythmia recurrence. Furthermore,
differences in the value of R? and variability score between these two groups of patients are

consistent, observing the highest differences in SP/ms and spatial entropy.

147



Chapter 7. Results

>
w

Variability Score

0.7 T T
— 100 [Isinus [Isinus
2 Arrhythmi; 6 Arrhythmia
E’ -R:cuyr'rer:cae . -Recurrence
_-é' 80| O SP/ms 2 05}
= o Rotor Duration(s) S
g 60 & Spatial Entropy U; 0.4}
S Z
-46 L 'é 031
8 40 2
'% > 0.2
g = . © 04t
[ =
- . o
o O 0 L 1
0 20 40 60 80 100 SP/ms Rotor Duration Spatial Entropy

Intersubject Variability (%)

Figure 7.5. A. Intersubject variability vs intrasubject variability of the metrics calculated. Color
indicates the classification of the patients and shape the metric. The area under the line shows the
metrics that are in the optimal area where intersubject variability is lower than the variability
between patients. B. Results for the variability score between the studied metrics and patients

classified by PVI outcome.

7.3.2. ECGI Reproducibility vs. AF type

A comparison between metrics and their variability between groups of patients based in AF type
(paroxysmal/persistent) is presented in Fig. 7.6. When patients are classified by AF type, there
are no major differences in the mean value of metrics, as it happens when grouping the patients
according to the PVI outcome. Differences between first and second measurements, however,
were significant for the number of singularities detected, but not on the rotor duration or spatial

entropy.
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Figure 7.6. Mean values between first and second measurements for each metric are presented in
A for each patient group based on AF diagnosis (white: paroxysmal AF, black: persistent AF) and
p-value from the Wilkoxon rank-sum test between groups. The absolute difference between the
two measurements for each metric and group of patients is presented with the p-value from the

Wilkoxon rank-sum test in B.

7.3.3. Association of PVI success based on ECGI variability metrics

Univariate logistic regression of the proposed reproducibility score was computed with the two
metrics that showed lower p-values when compared groups based on PVI outcome (ARduration
and AEntropy). Results showed an area under the curve of 0.77. Area under the curve of RS for
classification into paroxysmal or persistent AF was lower: 0.59, which highlights that the
proposed reproducibility score based on ECGI metrics is more closely related to the PVI outcome

than the AF classification.

Prediction of PVI success according to their diagnosis into paroxysmal or persistent AF,
assuming that patients with paroxysmal AF will have a favorable outcome of PVI whereas patients
with persistent AF will have a poor PVI outcome offered a sensitivity of 0.63 and a specificity of

0.69. Prediction based on our reproducibility score, in contrast, resulted in a sensitivity of 0.64
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and a specificity of 0.85, and therefore, the use of ECGI reproducibility measurements may allow

in better selecting patients that will not benefit from PVI.

7.4. Discussion

In this work, we have evaluated the variability of reentrant activity metrics extracted before PVI
in AF patients and found a relation between this variability and PVI outcome six months after the
procedure. We have found that the electrical patterns of patients with a successful PVI are more
stable in time than those of patients with an unsuccessful PVI. Temporal variability of ECGI
metrics during AF may allow for a better prediction of PVI outcome than the classification into

paroxysmal or persistent AF.
7.4.1. Mechanism of AF and PVI outcome

Prior studies by Haissaguerre et al. (Haissaguerre et al., 2014), Narayan et al. (Narayan et al.,
2012), and others (Baykaner et al., 2018; Choudry et al. 2020); have demonstrated that ablation
of rotors and focal sites does result in a better prognosis than PVI only. In this same direction,
Gao et al. reported higher reentrant activity in ECGI maps for patients with acute termination of
PVI (Gao et al., 2019). These previous studies used a vest of 252 electrodes for ECGI calculation,
and in the present study, 57 individual electrodes were used. Despite that a lower number of
electrodes used, it was demonstrated in previous studies (Rodrigo et al., 2017; Guillem et al.,
2009) that 32 electrodes are enough for a proper ECGI reconstruction. Furthermore, a good
correlation of ECGI and intracardiac AF complexity evaluation with this electrode configuration
has been previously shown (Rodrigo et al., 2020). Although we were anticipating that patients
with successful PVI ablations would present differences in either the number of rotors or their
duration as compared with patients with unsuccessful ablations we have not found significant
differences in rotor metrics. Zaman et al. (Zaman et al., 2017), found that patients with paroxysmal
AF recurrence after PVI had extra-PV sources, matching with our observations with more
unstable reentrant activity in arrhythmia recurrence patients independently of the diagnosis.
Therefore, the presence of rotors outside the pulmonary vein area in some patients may be one of
the reasons behind our unobserved differences in primary rotor metrics in our patients with
successful versus unsuccessful ablations. However, we believe that this observation can also be
attributed to the characteristics of our cohort of patients since most of them presented a very
damaged atrial substrate as a consequence of an increased atrial pressure due to the valvular

impairment that may result in a low incidence of driving rotors.
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7.4.2. Temporal reproducibility of ECGI derived metrics

We have found that patients with a good prognosis after PVI showed a more stable electrical
activity in terms of the variability in time of rotational quantification metrics. This is consistent
with many reports in the literature that have demonstrated a lower temporal recurrence on
electrophysiological metrics in patients with persistent AF versus patients with paroxysmal AF
(Zeemering et al., 2020). Lim et al (Lim et al., 2017) and others (Zeemering et al., 2020; Lim et

al., 2017) found that the complexity of persistent AF drivers is higher when AF duration increases.

Our observation would also be consistent with other studies that have related an electrical
temporal instability with lower rates of maintenance of sinus rhythm either after PVI (Seitz et al.,

2017) or electrical cardioversion (Lankveld et al., 2016).
7.4.3. Clinical implications

Catheter ablation is mainly recommended for paroxysmal AF patients based on overall lower
AF recurrence after ablation in this group of patients (Hindricks et al., 2021). However, there are
both paroxysmal AF patients that do not benefit from PV ablation and persistent AF patients that
do benefit from PVI. In our study, we have observed that temporal stability of ECGI derived rotor
metrics may help to predict the success of PVI and, therefore, better select patients likely to benefit
from PVI and discard the ones that will not, to tailor the treatment to AF in an individual basis
with electrophysiological measurements from individual patients instead of the “one approach fits

all” approach currently used today.

7.5. Limitations

The results of this study should be confirmed in larger datasets and compared to endocardial
data. Our results may also be influenced by our study population, with a large proportion of
patients with valvular disease. Although we did not find statistical differences in any of the
variability of metrics when comparing valvular impaired patients with non-valvular impaired AF
patients, we cannot rule out the possible effect of a substantially damaged atrial substrate that may
not be representative of a more general AF population. Time separation between signals was
established between 15s to 10 minutes due to the difficulties of some patients of maintaining AF
during the procedure and reproducibility in time was not considered during the PVI protocol.
Furthermore, it should be noted that the outcome of the studied patients could be influenced by
changes in the medication, the extent and durability of transmural ablation lesions and that this

could influence the results. Follow up of the patients was done 6 months after PVI and could not
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determine if the recurrence of the arrhythmia would be caused by PVI reconnection and not
because of the atrial substrate. The fact that durable PVI can occur although the substrate of the
atria may remain abnormal should be considered together with the possibility of arrhythmia

recurrence after the 6 months follow up.

7.6. Conclusions

This study shows that ECGI derived metrics of reentrant activity in atrial fibrillation patients
are reproducible over time and the degree of this reproducibility may be indicative of their
electrical substrate since patients with more reproducible metrics are associated with a more
favorable outcome. Therefore, variability of rotor metrics derived from ECGI may be suggestive
of the ability of PVI to terminate the arrhythmia and may serve for selecting the best treatment

option in AF patients.
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Complexity and Recurrence of Body Surface
Electrocardiograms Correlates with Estimated Reentrant
Atrial Activity with Electrocardiographic Imaging in Atrial

Fibrillation Patients
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Abstract

Complexity metrics obtained from body surface potential mapping (BSPM) allow quantifying
atrial fibrillation (AF) substrate complexity. This study aims to relate electrocardiographic
imaging (ECGI) detected reentrant patterns with BSPM-calculated signal complexity metrics.
BSPM signals were recorded from 28 AF patients (17 male, 62.69+8.09 y.o.), followed by ECGI
calculation. Signal complexity and recurrence metrics were computed on BSPM and ECGI
signals. Rotors per second and rotor duration were computed on ECGI signals for each atrium
and the whole atrial surface. BSPM metrics and ECGI reentrant patterns were correlated for the
entire atrial surface and for left (LA) and right atrium (RA). Atrial complexity and recurrence
metrics strongly correlated when computed on BSPM and ECGI. Higher sample entropy and
relative harmonic energy (RHE) correlated with a higher number of reentries of short duration,
especially with the LA, (RHE and rotor duration, rpa=-0.66). Higher short- and long-term
recurrence of BSPM signals correlated with longer duration rotors (r.a=0.74 vs. rra=0.42). Only
ECGI-based reentrant parameters showed higher LA complexity compared to RA (p<0.05).
BSPM metrics indicating a more elevated atrial electro-structural remodeling aligned with more
short-duration rotors from ECGI computations. Although BSPM delivers qualitative AF reentry

data, ECGI remains essential for identifying regional substrate complexity.
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Chapter 8. Introduction

8.1. Introduction

Atrial fibrillation (AF) is the most prevalent cardiac arrhythmia in adults, which is linked to
higher morbidity and mortality rates (Hindricks et al., 2021). The electrical complexity of the
cardiac signal, commonly measured by electrocardiograms (ECGs), is used as a way to estimate
morbidity and maintenance of AF (Lankveld et al., 2016b). Body surface potential mapping
(BSPM) is a non-invasive method used to assess the electrical activity of the heart by means of a
large number of electrodes distributed over the torso surface of a patient, which provides higher
spatial resolution and more information about the arrhythmia (Bergquist et al., 2021) than the

standard 12-lead ECG.

Several studies have systematically analyzed the electrical properties of BSPM signals during
AF, in order to extract relevant information about AF substrate complexity and link it to disease
progression and treatment outcome (Bonizzi et al., 2014; Lankveld et al., 2016a; Meo et al., 2018).
Moreover, we have shown that BSPM could be used to localize non-invasively sites of the
dominant frequency of the atrial activity (Guillem et al., 2013). Recently, we also investigated
short- and long-term recurrent behavior of atrial activity propagation (Bonizzi et al., 2020) on
BSPM signals and suggested that the variability in the recurrent behavior of the atrial activity is
due mostly to an uncoordinated propagation of waveforms on the atrial surface. We also showed
that the complexity of atrial fibrillation surface influences the short-term repetitive behavior of

AF propagation.

At the same time, it is still unclear to what extent body surface signals can be used to
characterize and localize AF propagation patterns. In this respect, electrocardiographic imaging
(ECGI) has been proposed to non-invasively reconstruct epicardial potentials starting from BSPM
signals and information about the geometry of the heart and the torso, and it could be used to
assess the correlation between the properties of AF propagation patterns estimated on the body
and on the heart surface, respectively. Although ECGI requires more information from the patient
and it is consequently more burdensome to obtain ECGI maps compared to BSPM, it has been
shown in the past to be helpful for the evaluation of drivers that initiate and maintain AF (Molero
et al., 2021; Dhillon et al., 2022; Fambuena-Santos et al., 2023). Moreover, we proved that AF
drivers detected through ECGI signals presented a good correlation with intracardiac mapping in
AF patients (Rodrigo et al., 2020, 2021). ECGI has also been proven to be a reliable tool for
locating and characterizing atrial rotors (Lim et al., 2017; Fambuena-Santos et al., 2023), which
are one of the hypothesized mechanisms of AF generation and maintenance (Guillem et al., 2016;

Bizhanov et al., 2022).
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The purpose of this study is to investigate the relationship of BSPM-derived metrics that
quantify AF substrate complexity and AF propagation recurrence with properties such as the
number and duration of reentrant atrial patterns assessed on ECGI signals. We hypothesize that
metrics computed on BSPM and ECGI should present similar trends and that the evaluation of
the AF substrate complexity and AF propagation recurrence on BSPM should provide a certain
level of information on the properties of atrial activity reentries and their duration as measured
through ECGI. Furthermore, we evaluated reentrant metrics in each atrium separately, and we
explored if metrics measured on BSPM signals would give more information about the AF

substrate of a specific atrium (left or right). A graphical abstract of this study is shown below.
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Graphical abstract. In red, atrial activity body surface potential signals (BSPM) and the value of
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sample entropy (SAE). In blue, electrocardiographic imaging (ECGI) atrial activity signals
obtained after solving the inverse problem, and their SAE. At the right, the rotor 2D histograms
(also known as density heatmaps) represented together with the detected rotors, and their duration.
Panel A represents a patient with low AF substrate complexity and panel B a patient with high AF
substrate complexity. This figure illustrates the methodology of this paper comparing the

complexity and recurrence of the signals on BSPM with the reentrant atrial activity evaluated on

ECGI.

8.2. Methods

8.2.1. Data acquisition and processing

A population of 28 AF patients (11 female, 17 male, 62.69 + 8.09 years old) was studied prior

to pulmonary vein isolation (PVI). Nine patients were diagnosed with paroxysmal AF and 19 with
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Persistent AF prior to the PVI. The protocol was authorized by the Spanish Agency of Medicines
and Medical Devices (AEMPS), code: FAT-ANT-2018-01 after patients provided informed
consent. BSPM signals from 64 electrodes were recorded before PVI at a sampling frequency of
1kHz. The electrodes were distributed in the torso 24 on the front, 24 on the back, and 8 on each
side of the torso. The geometry of each of the patient’s torso and the electrode positions were
obtained using photogrammetry as described in previous studies (Dhillon et al., 2022; Molero et
al., 2023a). Each patient's atrial anatomy was derived from an MRI-segmented atria database
based on the patient’s torso similarity and placed on patient’s torso reconstruction as described in
(Molero et al., 2023a). Atrial geometries were segmented into regions differentiating left (LA)
and right atrium (RA) using Autodesk Meshmixer (Schmidt and Singh, 2010). The BSPM signals
were pre-processed by subtracting the baseline and using a 10th-order Butterworth low-pass filter
of 45 Hz. Since for all patients 8 seconds of recordings are available, we decided to extract two
successive signals per patient, each with a length of 4s, to increase robustness. A single-lead
Principal Component Analysis technique was used to eliminate ventricular activity. (Castells et
al., 2005). ECGI signals were calculated with the zero-order Tikhonov method and L-curve

optimization (Hernandez-Romero et al., 2023).

8.2.2. Assessment of AF substrate complexity and AF propagation

recurrence on Body Surface Potential Mapping

8.2.2.1. AF substrate complexity

In the present article, the assessment of the atrial substrate complexity on BSPM is based on
metrics compiled in a previous systematic analysis by Bonizzi et al. (2014). The explored metrics
were computed based on the analysis of the principal components, the spatial complexity, the
spectral concentration, and the organization of the signals. In the following lines, we describe in

more detail the most relevant metrics in our analysis.

e Highest dominant frequency (HDF), computed as the 98th percentile of the dominant
frequencies of all leads obtained from the maximum power spectral density using
Welch’s method (Guillem et al., 2013; Rodrigo et al., 2017). The DF is defined as the
activation rate of the atrial activity, with lower values related to more organized AF.

e Sample entropy (SAE) is a statistical method used to quantify the amount of regularity or
irregularity in a signal by measuring the similarity between epochs within the signal. SAE

attributes a positive value to the signal, where higher values indicate greater variability.
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It is expected that more organized atrial fibrillation propagation patterns are associated
with lower values of SAE (Alcaraz and Rieta, 2010).

e Relative harmonic energy (RHE) is computed as the relative energy of the sub-bands
from the first and second harmonics of the dominant atrial fibrillation frequency (Bonizzi
et al., 2014). More organized atrial fibrillation propagation patterns are expected to be

associated with lower values of RHE (Alcaraz et al., 2011).

8.2.2.2. AF propagation recurrence

The analysis of AF propagation recurrence on BSPM was computed based on (Bonizzi et al.,
2020). The recurrent behavior of AF was studied by looking at the short- and long-term spatial
variability of the atrial activity propagation as exhibited on BSPM signals. This analysis is based
on multivariate autocorrelation function of the atrial activity from body surface signals, as
described in (Meste et al., 2016). The signals were resampled to 256 Hz. The multivariable
autocorrelation function is defined as a square matrix R of dimensions M x M, obtained by

calculating:

o x(DTx(i+j-1)
Yl @] |G+ = DI,

, withi,j=1,..., M, (1

Where x(i) is a vector containing the BSPM samples from all 64 electrodes at a given time
instant i, and M represents the window size used for the analysis (Meste et al., 2016).
Autocorrelation is therefore measured using a cosine distance, where each element in the matrix
R is the cosine of the angle between two vectors (with column j including correlation at lag
p=j—1). By averaging each column (for each lag), a multivariate spatial autocorrelation function

can be generated for the atrial fibrillation oscillatory patterns across lagsp=0, ..., M — 1.

The following descriptive characteristics of the AF propagation recurrence were calculated for
each multivariable autocorrelation function and averaged per patient based on Bonizzi et al.,

(2020):

e Long-term recurrence (LTR): calculated as the mean absolute value of the recurrence
signals with lags between 150 and 450. LTR is defined as a metric of the patient’s long-
term recurrent atrial activity propagation behavior, and it is linked with the overall
complexity of the AF substrate. A smaller level of electro-structural remodeling

correlates with a greater LTR value.
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e Short-term recurrence: computed utilizing the absolute value of the first negative peak
(IPi1]) and the first positive peak (P,) in the multivariable autocorrelation function.
Higher values of |Pi| and P, are associated with a lower degree of electro-structural
remodeling. |Py| is correlated with half of the AF cycle length and P, with the complete
AF cycle length.

8.2.3. Reentrant atrial activity analysis from ECGI signals

Reentrant atrial activity was estimated from the ECGI signals as described in (Fambuena-Santos
etal., 2023). We computed the phase of the inverse electrograms by applying the Hilbert transform
to the signals, and we defined a singularity point (SP) as a stable point where the phase rotates
from -1 to +  (Molero et al., 2021). The threshold for a candidate SP was one turn of the complete
phase progression around the center of rotation of the singularity (Molero et al., 2023b). Next, we
connected the SP spatiotemporally into rotors to discard transient and isolated phase singularities

(Fambuena-Santos et al., 2023).

To characterize the reentrant atrial activity, we used state-of-the-art metrics for SP
characterization and rotor detection (Dhillon et al., 2022; Gonzalez-Ascaso et al., 2020). The
number of SPs per second, rotors per second (rotors/s), the mean rotor duration, and the spatial
entropy of SP histograms were computed in each patient. Furthermore, we computed the above
metrics per atrium. To consider a rotor as located in one atrium (left or right), it had to be the 70%
of its duration detected in that atrium. Rotors that were not detected for more than 70% of their

duration in a specific atrium were discarded from the atrium specific analysis.

8.2.4. Statistical analysis

The metrics extracted from both 4s segments of the signal were averaged to reduce the
variability. Correlation between BSPM-based and ECGI-based AF substrate complexity and AF
propagation recurrence metrics was computed by using Pearson’s correlation. Correlation
between BSPM-based metrics and rotors properties and their duration was also investigated for
each atrium. Normality of all metrics was tested by via the Kolmogorov-Smirnov test. Student’s
t-test was used to evaluate differences between the left and right atrium for normally distributed
metrics. Alternatively, the Wilcoxon rank-sum test was used. A p-value below 0.05 was deemed

statistically significant.
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8.3. Results

8.3.1. BSPM-based versus ECGI-based AF substrate complexity and

AF propagation recurrence

Fig. 8.1 shows the correlations between the three BSPM-based and ECGI-based AF substrate
complexity metrics introduced in Section 8.2.2.1 (HDF, SAE, RHE; top row), and three BSPM-
based and ECGI-based AF propagation recurrence metrics introduced in Section 8.2.2.2 (|Py|, P2,
and LTR; bottom row). Most analyses showed high correlations between BSPM- and ECGI-based
metrics, thus suggesting that the overall estimation of substrate complexity is comparable if
performed on BSPM or ECGI signals. Strong correlations were also observed for LTR and short-
and long-term recurrence, with r > 0.95. Table 1 of the supplemental material shows the

correlations of the other metrics analyzed in this study.
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Figure 8.1. Correlations of metrics computed on the body surface electrocardiograms (BSPM)
and on the ECGI solution. A. AF substrate complexity metrics: highest dominant frequency
(HDF), sample entropy (SAE), and relative harmonic energy (RHE). B. AF propagation
recurrence metrics: short-term (|Pi| and P,) and long-term (LTR) recurrence. The values of r
represent the Pearson’s correlation coefficient (and its p-value). In each plot, the line of best fits

(dashed line) is also shown together with the line of identity.
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8.3.2. BSPM-based AF substrate complexity and AF propagation

recurrence vs ECGI-based reentrant atrial activity

To attempt a physiological interpretation of the AF complexity and recurrence as reflected on
the body surface in terms of the underlying reentrant activity inside the atria, BSPM-based AF
substrate complexity and AF propagation recurrence metrics were compared with ECGI-based
reentrant atrial activity metrics. Fig. 8.2 illustrates the results of the comparison between the
highest dominant frequency, sample entropy, and relative harmonic energy of surface
electrocardiograms and rotors per second and the duration of the rotors estimated on reconstructed
electrograms through ECGI. No correlation between HDF and the number of rotors/s was
observed. SAE and RHE showed a positive correlation (p<0.01) with the number of rotors,
indicating that more complex body surface atrial activity is related to a higher number of rotors
on the atrial surface. Additionally, these two metrics showed an inverse correlation with the
duration of rotors, indicating that more complex surface atrial activity correlates with the presence
of AF reentries of shorter duration (r = -0.73, p < 0.01). This inverse relationship could be
explained by a more extended electro-structural remodeling of the AF substrate that may cause
both more disruptions in the propagation of atrial wavefronts (thus preventing rotors from lasting
for a long period) and a greater endo-epicardial dissociation (Eckstein et al., 2011), which may

hinder the reentrant activity to propagate to the surface of the atria.
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Figure 8.2. Correlations between AF substrate complexity metrics obtained on body surface
(HDF, SAE, and RHE) electrocardiograms and the number of rotors per second (A) and mean
rotor duration (B). The values of r represent the Pearson’s correlation coefficient (and its p-value).

In each plot, the line of best fits (dashed line) is also shown together with the line of identity.

164



Chapter 8. Results

Fig. 8.3 shows the results of the comparison between the three AF propagation recurrence
metrics (|Pi], P2, and LTR) and rotors/s and the duration of the rotors estimated on reconstructed
electrograms through ECGI. Short- and long-term recurrence presented an inverse correlation
with the number of rotors/s, which was significant only for the recurrent behavior at half of the
AF cycle. Significant correlations (p < 0.01) were also found between the three metrics and the
duration of rotors, showing that more repetitiveness at short- and long-term correlate with

reentries of longer duration.
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Figure 8.3. Correlations between AF propagation recurrence metrics obtained on the body surface
(short (JPy|, P2) and long-term (LTR) recurrence) and the number of rotors per second (A) and
mean rotor duration (B). The values of r represent the Pearson’s correlation coefficient (and its p-
value). In each plot, the line of best fits (dashed line) is also shown together with the line of

identity.

8.3.3. Assessment of left and right atrium differences

Fig. 8.4 shows violin plots of the ECGI-based AF substrate complexity and AF propagation
recurrence metrics on the left (blue) and right atrium (red). None of those metrics was able to
capture significant differences between the two atria. Median values of the metrics were higher

on the LA but not significant (p > 0.05).
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Figure 8.4. Violin plots of AF substrate complexity (A) and AF propagation recurrence metrics
(B) measured in the left (blue) and the right (red) atrium. The p-value of each statistical

comparison is shown on the top of each graph, the line represents the median of the metric.

In contrast, ECGI-based metrics characterizing singularity points (SP) and rotors properties
were able to capture significant differences between the two atria (as illustrated in Fig. 8.5). SP
per second, rotors/s, and the spatial entropy of the SP histogram were significantly higher (p<0.01)
on the left atrium, showing a stronger reentrant activity in this atrium and possibly a more
extended electro-structural remodeling of the underlying AF substrate. Mean rotor duration was

not significantly different between the two atria, although rotors in the LA lasted longer on
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average (LA: 0.19s = 0.07, RA: 0.15s = 0.07, p = 0.059).
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Figure 8.5. Violin plots of reentrant metrics measured at the left (blue) and right (red) atrium. The
p-value of each statistical comparison is shown on the top of each graph, the line represents the

median of the metric.

8.3.4. BSPM-based AF substrate complexity and AF propagation

recurrence vs ECGI-based reentrant atrial Activity per atrium

In Fig. 8.6 we show the correlation of the rotors/s (A) and mean rotor duration (B) with HDF,
SAE and RHE for the LA and the RA separately. HDF did not correlate with any of the metrics
computed on each atrium. SAE presented a higher correlation with rotors/s in the LA compared
to the RA (r = 0.59 vs. r = 0.12, respectively). Nevertheless, no significant differences in
correlation between SAE and mean rotor duration for the different atria were observed.
Additionally, RHE did not present significant differences in correlation with the rotors/s between
atria, but it did with the mean rotor duration, where a higher inverse correlation of the LA

compared to the RA was observed (RHE, LA: -0.66, p<0.01, RA: -0.47, p<0.05).
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Figure 8.6. Correlation of BSPM-based AF substrate complexity metrics with the number of

rotors per second (A) and mean rotor duration (B) for rotors in the left (blue dots) and in the right

(red dots) atrium, respectively. The values of r represent the Pearson’s correlation coefficient and

its p-value of the adjusted regression lines.

Fig. 8.7 shows the correlation of the rotors/s (A) and mean rotor duration (B) with |Py|, P2, and

LTR. Short- and long-term recurrence metrics did not show a strong correlation with rotors/s

computed per atrium, although the correlation in the LA was higher for these metrics compared

to the RA. Mean rotor duration showed higher correlations with these metrics in the LA compared

to the RA, especially for the LTR (LA: 0.74, p<0.01, RA: 0.42, p<0.05).
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Figure 8.7. Correlation of BSPM-based AF propagation recurrence metrics with the number of
rotors per second (A) and mean rotor duration (B) for rotors in the left (blue dots) and in the right
(red dots) atrium, respectively. The values of r represent the Pearson’s correlation coefficient and

its p-value of the adjusted regression lines.

8.4. Discussion

In this work, we compared state-of-the-art BSPM metrics proposed to evaluate the complexity
and recurrence of AF with corresponding metrics computed on epicardial signals reconstructed
by means of ECGI. We did this to improve our understanding of how and to what extent surface
electrocardiogram recordings relate to reentrant atrial activity on the epicardium. We showed that
AF substrate complexity metrics computed on BSPM signals correlate well with the same metrics
when computed on ECGI signals. Furthermore, we found that metrics that analyze the entropy
and energy of the signals are good predictors of reentrant atrial activity and of its duration, both
estimated from ECGI-derived maps. Short- and long-term recurrence of BSPM signals also
showed high correlations with the reentrant activity from ECGI. Finally, we demonstrated that
body surface metrics showed a higher correlation with reentrant activity observed in the left
atrium, suggesting that atrial locations of higher complexity are reflected on BSPM recordings to

a certain extent.
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8.4.1. Relationship between reentrant activity and BSPM-based AF

complexity and AF propagation recurrence

In previous studies, we have shown that BSPM signals do reflect the local activation rates (or
dominant frequencies) in the atria (Guillem et al., 2013). More recently, we have evaluated the
ability of BSPM signals to identify the presence and location of AF rotors using neural networks
(Luongo et al., 2021), but no previous studies have reported a relationship of reentrant activity
during AF and its duration and AF substrate complexity metrics derived from body surface
recordings. In (Bonizzi et al., 2014), it was shown that higher SAE and RHE computed on
epicardial recordings during AF were associated with a more complex and less organized AF. In
this study, we found that both SAE and RHE computed on surface recordings correlated with a
larger number of rotors of shorter duration as measured by ECGI. A higher number of rotors has
been associated with more atrial electro-structural remodeling (Platonov et al., 2011) and fibrosis
(Cochet et al., 2018), and this may be a physiological explanation of higher values of parameters
as SAE and RHE, which is indicative of a greater AF substrate complexity. These results together
confirm that information about AF substrate complexity and recurrence of atrial activity patterns
during AF is, to a certain degree, reflected on the body surface. At the same time, although
previous studies have linked the presence of rotors to AF dominant frequency measured on the
body surface (Rodrigo et al., 2014), we could not find statistically significant correlations between
BSPM-based HDF and the number and duration of reentries computed on ECGI, although a trend

towards shorter-living rotors for higher HDFs could be observed.

In the same direction, the AF propagation recurrence computed on the BSPM signals was shown
to be correlated with rotors of shorter duration as measured on ECGI signals. Especially, LTR,
associated with long-term AF recurrence, presented a significant correlation with rotor duration.
This suggests a link between reentrant atrial activity during AF and recurrence of BSPM-derived
atrial signals, which could provide helpful information to electrophysiologists prior to ablation or
other treatment without the need for estimating ECGI potentials and relying just on the BSPM
data.

8.4.2. Left and right atrium assessment of AF substrate complexity

Estimating AF substrate complexity from a surface ECG can be challenging, especially in
determining the differences in AF complexity between the atria. While the analysis of BSPM
signals provides a broader view of AF progression, it may still be difficult to distinguish the

different properties of the two atria without invasive intracardiac recordings. ECGI has been

170



Chapter 8. Conclusion

shown to be a valuable tool in assessing the atrial substrate, and in this study, we have shown a
strong correlation between AF substrate complexity metrics measured on both BSPM and ECGI
signals. However, we could not find any statistical differences in these metrics when computed
on the left and right atrium through ECGI, respectively, suggesting that AF complexity and AF
propagation recurrence metrics are not sufficiently accurate to capture differences in AF substrate

complexity between the atria.

On the other hand, the quantification of ECGI-based atrial reentrant activity computed on the
left and right atrium showed significant differences. A more complex AF substrate with more and
shorter rotational activity was observed on the left than in the right atrium. This is expected in AF
patients since pulmonary veins are usually the primary source of AF episodes. Our findings are
consistent with other studies that also reported a greater reentrant activity in the left atrium (more
SP and rotors per second, p=10" and 6-107 respectively) (Vijayakumar et al., 2022). This
highlights the importance of utilizing ECGI and measuring reentries for a more comprehensive

and specific evaluation of AF, particularly for patients undergoing ablation.

Moreover, in the studied patient population, we observed that body-surface metrics showed
higher correlations with rotational activity in the left atrium. However, we could not determine
whether this relationship is due to a higher complexity in the LA (as revealed by reentrant
analysis), which is better captured on BSPM signals overshading the RA, or because the left atrial
activity is better reflected on BSPM independently of its substrate complexity.

8.4.3. Limitations

This study represents an exploratory effort to interpret information about atrial reentrant activity
extracted from BSPM signals. Since we only included a limited number of patients in this study,
further research is needed to confirm our findings in order to assess the potential utility of BSPM-

based AF substrate complexity and recurrence metrics in the clinical practice.

8.5. Conclusion

This study provides a physiological interpretation of BSPM-based AF substrate complexity and
recurrence metrics and their relationship with AF reentrant atrial activity assessed through ECGI.
BSPM metrics that reflect increased atrial electro-structural remodeling are correlated with a

higher number of rotors of short duration computed on ECGI-based atrial signals, particularly in
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the left atrium. BSPM metrics, however, may not allow for capturing regional differences in atrial

complexity (i.e. left vs right atrial electrical complexity).
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Supplementary Table

Metric BSPM ECGI Correlation BSPM - ECGI P-value
Koos 9.07 £3.38 5.84 £ 1.44 0.69 4.37e-5

NMSE 0.73+£0.23 0.81 +0.09 0.40 0.03
C 18.44 +7.44 14.76 £ 6.81 0.82 1.28e-7
Ccv 3. 77+ 1.78 3.28+£2.08 0.78 8.44e-7
SC 0.37+0.03 0.38+0.02 0.77 1.77e-6
MOI 0.29+£0.08 0.47+0.11 0.93 1.54e-12

MSE 5.73+0.14 5.14+0.25 0.62 3e-4

Fwp 456.36 £ 63.32 459.96 + 64.65 0.69 4.8e-5

FWPM 715.13 £116.55 718.25 £ 100.54 0.85 8.85e-9
SAE 0.1+0.03 0.1+0.04 0.96 1.78e-16
SAEM 0.05+0.01 0.05+0.01 0.89 3.40e-10
HDF 8.48 + 1.54 8.66 £ 1.49 0.78 1.09¢e-6
RHE 0.24 £ 0.06 0.25+0.08 0.89 2.73e-10
Pl 0.41 +0.08 0.42 % 0.09 0.95 4.37¢-5

Pz 0.29+0.16 0.3+0.18 0.96 0.03
LTR 0.1+0.06 0.1 +0.07 0.97 1.28e-7

Supplemental table 1. Mean and standard deviation values of state-of-the-art metrics of atrial

fibrillation complexity computed on BSPM and ECGI signals, their correlation coefficient (r)

between them and the p-value.
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Chapter 9

Discussion and conclusions

In this chapter, we summarize the main discoveries of the thesis and compare them to prior
research. We will also address the global limitations of the studies conducted throughout the
thesis. Afterwards, we will evaluate the achievement of the objectives and draw the main
conclusions from the thesis. Lastly, we will provide recommendations for future work,

emphasizing areas for enhancement and possible future research directions.

9.1. Main findings

Electrocardiographic imaging is garnering increasing interest from numerous research groups
and hospitals, who are working diligently to enhance the diagnosis and treatment of atrial
arrhythmias. Since its origin in 1977 (Barr and Spach, 1977), the evolution of ECGI has made
significant steps, as the validation non-invasive maps and metrics of cardiac activity validated
with intracardiac recordings (Rodrigo et al., 2020) (Rodrigo et al. 2021). With ongoing research
and development, the potential to achieve high-quality signals and derived valuable metrics will
undoubtedly lead to the integration of ECGI into standard care practices and inclusion in clinical

guidelines.

In this thesis we outlined the path for the implementation and use of ECGI as an extended
method for an accurate non-invasive diagnosis and evaluation of atrial fibrillation. In order to
obtain ECGI signals and maps with derived metrics for AF and other types of cardiac rhythms,

an accurate geometric reconstruction of both the patient's torso and heart is necessary. Firstly, we
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quantified and standardized the geometrical minimum requirements of the torso mesh, specifying
the minimum number of mesh nodes, the tolerated electrode labeling error, and the distribution
of the nodes in the mesh necessary for an accurate reconstruction of epicardial potentials, in both
simulations and patients. Additionally, we showed that the precision on the atrial geometry has
just a moderate importance compared to its relative position inside the torso. This allowed us to
develop and validate an Imageless ECGI, eliminating the need for MRI/CT scans in the workflow

to obtain non-invasive signals and maps.

Once ECGI geometrical requirements have been quantified, we have identified the need to
improve the ECGI signals computation method due to its limitations in high signal-to-noise
situations and uncertainty in cardiac geometry localization within the zero-order Tikhonov
regularization and L-curve optimization. We proved that different sources of noise affect to the
curvature of the L-curve optimization used to select the optimal regularization parameter
necessary to compute ECGI signals, but only electrical noise found on BSPM signals affects the
selection of the optimal regularization parameter used for computing ECGI signals. As a result,
we proposed a more robust method to determine an optimal regularization parameter when the

state-of-the art L-curve method fails.

We have not only defined and established the technical and mathematical framework for
obtaining high-quality ECGI but also developed a methodology for the evaluation and
stratification of AF patients undergoing PVI treatment. To stratify patients, we must extract
clinically relevant metrics; thus, we defined the optimal filtering strategy for ECGI signals to
detect reentrant activity. Furthermore, we found that metrics derived from ECGI-derived rotor
analysis are reproducible in AF patients, and this reproducibility is linked to the success of
ablation therapies. Consequently, we have described a method for predicting PVI outcomes,
which has been further validated in a different database (Molero et al., 2022) and it is now being
patented.

Lastly, we have employed ECGI as a tool for evaluating AF atrial substrate to explain BSPM
signal analysis measures, such as entropy and energy. By correlating ECGI reentrant metrics with
BSPM-based AF complexity metrics, we were able to elucidate the underlying causes of BSPM
signal complexity. Our research highlighted the indispensable role of ECGI in non-invasively

evaluating the cardiac substrate, particularly when detailed atrial regional information is required.
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9.2. Comparison with previous studies

Since the beginning of ECGI, researchers have been concerned with the obtention of high-
quality ECGI signals and the requirements needed of both the torso and heart geometries,
concerns addressed on this thesis. Even though previous studies have reported that an accurate
torso geometry is necessary to obtain electrocardiographic imaging signals (Messinger-Rapport
and Rudy, 1990) (Colli-Franzone et al., 1985), we have demonstrated that a coarse meshing is
sufficient to obtain high-quality ECGI signals. Furthermore, the number and distribution of
electrodes required on the torso for ECGI has been widely studied in the past. Lux et al.
determined that at least 30 electrodes needed in order to capture all relevant electrical information
on the thorax during sinus rhythm, observation that was extended to AF later by our group
(Guillem et al., 2009). In addition to this previous knowledge, we concluded that the correct
location of the BSPM electrodes in their exact position in the torso mesh is fundamental to the

obtention of the ECGI signals.

Additionally, ECGI traditionally requires of CT Scan/MRI images for the obtention of the
cardiac geometry and its location inside the torso mesh. In this thesis, we investigated the effect
of using an estimated cardiac geometry to solve the inverse problem and we concluded that it has
just arelative relevance on the derived ECGI signals and metrics. Cardiac location is also essential
for the correct functioning of Imageless ECGI and in the past, in our group we developed a
methodology based on the L-curve for positioning the cardiac mesh within the torso without
requiring imaging techniques (Rodrigo et al., 2018). In this thesis, we determined that the cardiac
mesh can be located just based on the torso of the patient with low errors in the location and the
computed ECGI signals. We established Imageless ECGI as the new framework that we hope will

universalize the use of ECGI, with less costs associated with cardiac imaging.

Furthermore, ECGI regularization has been widely discussed on the field. On prior research, we
demonstrated that zero-order Tikhonov regularization and L-curve optimization is the most
effective regularization method for computing the inverse problem in atrial fibrillation (Figuera
et al., 2016), as evidenced numerous studies utilizing this approach, that we collected in this
review (Salinet et al., 2021). However, Hansen and O’Leary, had previously highlighted the
limitations of using the maximum curvature value for obtaining the most optimal regularization
parameter, showing the room of improvement for its selection. We identified this limitation
especially in signals from patients with high electrical noise presence, consequently, we defined
a new methodology in order to obtain robust ECGI signals based on the most horizontal angle of

the L-curve and not the maximum curvature.
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Moreover, ECGI has been explored as a technique for extracting information about the
complexity of the atrial substrate. In 2014, Haissaguerre et al., revealed its potential to guide
ablations, which led to reduced intervention times and increased success rates. Since then,
numerous studies have been conducted in various centers using ECGI to detect AF drivers and
improve ablation outcomes (Knecht et al., 2017) (Dhillon et al., 2022)(Honarbakhsh et al., 2022).
However, AF-driver guided ablation is still discussed as it did not show improvements in the
outcome of the ablation in different trials (Buch et al., 2016)(Parameswaran et al., 2018). In this
thesis, we propose a stratification of patients prior the PVI: we proposed a methodology for
selecting patients that can benefit from PVI in order to maximize PVI outcomes. This, in turn,
will boost the cost-effectiveness of pulmonary vein isolation, with a higher rate of AF-freedom,

and hopefully reduce the number of redo procedures.

9.3. Limitations

This thesis provides valuable insights into estimating atrial electrical complexity during atrial
fibrillation using electrocardiographic imaging, yet certain limitations must be acknowledged. We

will outline the limitations based on the origin of the signals used in our studies.

One limitation of our in-silico analyses is the simplicity of the used anatomical models, which
excluded inner organs and torso inhomogeneities. Nevertheless, previous studies demonstrated
that this consideration has not a major impact on the ECGI potentials (Ramanathan and Rudy,
2001). Furthermore, the lack of anisotropy in the forward model may influence our results, but its
effect on ECGI resolutions may be minimal, as previously reported (Colli-Franzone et al., 1982)

(Cheng et al., 2003).

In addition to the limitations of the in-silico studies, our patient-based studies have a relatively
small sample size of patients, which may limit the generalization of our findings. Future research
should aim to include a larger and more diverse patient population to validate and extend the
conclusions presented in this thesis. A direct comparison and validation of our findings with
invasive mapping techniques, such as electroanatomic mapping or intracardiac electrograms,
would strengthen the conclusions and confirm the accuracy of non-invasive ECGI-derived

metrics in assessing atrial electrical complexity.

Lastly, a more comprehensive analysis of factors that may influence the estimation of atrial
electrical complexity, such as age, gender, comorbidities, the use of antiarrhythmic medications,

or even different signal processing and regularization methodologies could further refine the
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results and provide a better understanding of the factors contributing to atrial fibrillation

complexity.

Despite the limitations mentioned above, the findings have significant implications for the
application of non-invasive electrophysiological maps in clinical practice, particularly in guiding

atrial fibrillation ablation and identifying reentrant activity.

9.4. Conclusions

This thesis had two main objectives that have been responded in the previous chapters of this
manuscript: to improve the current state-of-the-art methodology of ECGI and to validate its
applicability in the quantification of AF complexity. In the following lines, we will answer how

the two main objectives have been achieved with their specific objectives.

Objective 1: To assess the geometric and signal requirements of the inverse problem of
electrocardiography, and to quantify the limitations and potential advancements in this
technology for the evaluation of atrial fibrillation complexity. We have demonstrated the potential
of this technology for evaluating the complexity of atrial fibrillation and have quantified the
confidence ranges in which we can rely on ECGI reconstruction with regard to electrical noise,
incorrect positioning of cardiac geometry, node density in torso geometry, and electrode

positioning. This objective was divided into the following points:

. To determine the impact of torso mesh density and electrode placement in the
torso mesh used on the inverse problem resolution in atrial fibrillation signals. In Chapter
3, we demonstrated that the number of nodes in the torso mesh has little effect on the
quality of ECGI reconstruction if the electrode positions of the BSPMs are respected. We
concluded that at least 400 homogeneously distributed nodes are needed for high-quality
inverse solutions. Moreover, we showed that electrode misplacement has a greater impact
on the quality of ECGI reconstruction, and that node displacements below 2 cm do not
significantly affect the quality of ECGI signals.

o To assess the robustness of ECGI and derived metrics in atrial fibrillation signals
under the displacement of atrial geometry from its correct position. In Chapter 4,
demonstrated that the effect of the cardiac displacement below 3cm is negligible on the
ECGI signals and ECGI-derived drivers. We reported high correlations of the ECGI
signals compared to a correct location of the mesh during ECGI calculation, showing that
errors on the displacement of 3cm can be tolerated to consider an ECGI map as an

accurate reconstruction of epicardial activity of an atrial fibrillation signal.
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. To determine the effect of the accuracy of the atrial geometry estimation on the
inverse problem of electrocardiography in atrial fibrillation signals. The effect of atrial
geometry was reported on Chapter 4. We showed that the shape of the atrial mesh used
to obtain electrocardiographic imaging signals of atrial fibrillation simulations and
patients has marginal effect neither in the quality of the inverse electrograms nor in the
ECGlI-derived metrics as dominant frequencies. Furthermore, we introduced a new
methodology for imageless ECGI and showed its robustness in front on variations on the
shape of the geometry. Imageless ECGI as an alternative to image-dependent ECGI may
boost the introduction of ECGI into the clinical practice on a daily hospital basis,
improving the diagnostics and treatment of atrial fibrillation.

o To guide the selection of the optimal regularization parameter using the zero-
order Tikhonov regularization and L-curve optimization method and to propose an
alternative for identifying the optimal regularization parameter when the L-curve corner
detection fails. In chapter 6, we demonstrated that the shape and curvature of the L-curve
is proportionally affected by different sources of noise, and only the electrical noise affect
in the selection of the optimal regularization parameter used to obtain the ECGI signals.
Moreover, we demonstrated that selecting an optimal regularization parameter using the
L-curve method is more accurate when considering the entire curve shape, rather than
solely relying on its corner. While the corner of the L-curve can identify the optimal
regularization parameter in the absence of geometrical uncertainties, it becomes
suboptimal when multiple uncertainties are present. To address this limitation, we
proposed utilizing the slope of the predominantly horizontal component of the L-curve,
which is closely related to the amount of noise in the BSPM signals, for determining an

optimal regularization parameter.

Objective 2: To evaluate the ability of ECGI to quantify atrial fibrillation complexity. We

developed several analyses to evaluate AF using ECGI, the extracted conclusions of each specific

objective are enumerated in the following lines.
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o To establish the most appropriate signal processing methodology for evaluating
reentrant activity in ECGI signals for the stratification of atrial fibrillation patients. This
objective has been addressed in Chapter 6. Given different strategies for post-processing
ECGI signals, we concluded that it is not necessary to apply aggressive filters to AF
signals to characterize the cardiac substrate. In addition, we demonstrated that

establishing a one-turn threshold for the detection of phase singularities is optimal for
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finding differences between populations of AF patients with different prognoses after
receiving PVI.

. To determine the reproducibility of ECGl-derived metrics in atrial fibrillation
and its relationship with the success of pulmonary vein ablation. We proved that atrial
fibrillation, despite being an irregular arrhythmia, presents reentrant patterns that are
reproducible and can be characterized by using ECGI (Chapter 7). These reentrant
patterns were found to be related to the outcome of pulmonary vein isolation, with
patients with a favorable outcome 6-months after the ablation presenting more
reproducible reentrant metrics compared to patients that were not benefited by the
ablation. This study established a proof-of-concept methodology to stratify AF patients
using ECGI to evaluate the cardiac substrate.

o To assess the electrical complexity of atrial fibrillation signals in BSPM and its
relationship with atrial substrate reentrant analysis using ECGI. We showed in Chapter
8 that higher electrical complexity and recurrence dynamics measured on BSPM signals
are correlated with a higher number of reentries and with a shorter duration measured on
ECGI signals. Moreover, we found that the reentries located on the left atrium exhibit
higher correlations with BSPM-metrics. We demonstrated that BSPM can offer
qualitative data on AF reentries, while ECGI is necessary to determine regional substrate

complexity differences non-invasively.

This thesis presents novel findings on the use of electrocardiographic imaging as a method to
evaluate atrial fibrillation complexity. The proper definition of the torso mesh requirements used
in ECGI, the possibility of using the technique without the need for a CT/MRI scan, and a new
more robust regularization methodology, represent a new theoretical framework for the correct
resolution of the inverse problem of electrocardiography, ensuring the obtention of high-quality
epicardial signals non-invasively. Moreover, the proposed metrics and methodology to quantify
the progression of atrial fibrillation in the atrial substrate can be utilized to stratify patients before
undergoing ablations which could improve the success rate of the treatment by avoiding

unnecessary interventions.
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9.5. Guidelines for future works

Moving forward, several areas for future research can be identified based on the conclusions of
this thesis. One important area is the further investigation into the effect of mesh density and node
distribution on cardiac geometry. In our study presented in Chapter 3, the cardiac geometries used,
had node densities of over 4,000 nodes, which is a higher number than that of the torso. Despite
the high node density, a quantification of the minimal required number of nodes and their
distribution for computing ECGI should be explored in future studies.

Another priority is the improvement of the resolution of the inverse problem. Although we have
introduced a more robust methodology to handle higher SNR on BSPM and geometrical
uncertainties, there remains room for improvement in the inverse problem resolution, particularly
in recovering high-frequency components. Obtaining inverse electrograms with greater accuracy
that closely resemble those observed using invasive mapping techniques is necessary. This level
of precision would enable clinicians to rely on ECGI for more accurate diagnoses and better
decision-making regarding patient treatment, thus reducing the need for invasive procedures.
Developing methods to refine the resolution of the inverse problem will play a pivotal role in
advancing the practical applicability of ECGI, solidifying its position as a valuable non-invasive
tool for assessing and treating cardiac arrhythmias.

Future studies should also test the proposed metrics and their predictive value for PVI
treatments using larger databases and explore reproducibility among larger sets of time and
subsets of signals. Incorporating additional metrics, such as dominant frequencies and AF
ectopics, into future studies for AF burden quantification would be beneficial for stratifying AF
patients. Moreover, reproducibility analysis and ECGI metrics should be explored as a tool for
pharmacological treatment recommendations, not only for predicting ablation outcomes.
Additionally, the expansion of imageless ECGI to include ventricular geometries and signals is
another path for investigation. This might broaden the technique's applicability to additional
cardiac arrhythmias and diseases beyond atrial fibrillation.

Finally, introducing ECGI into the clinical workflow for the diagnosis and treatment of cardiac
arrhythmias is an important step towards bringing the benefits of this technology to a wider patient
population. In summary, the present thesis and these guidelines for future works provide a
roadmap for advancing ECGI as a tool for diagnose and treat atrial fibrillation and other cardiac
arrhythmias. By addressing these research areas, the potential of ECGI to revolutionize the
diagnosis and treatment of cardiac diseases can be further realized, ultimately leading to improved

patient quality of life and reduced healthcare costs.
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Invasive Phase Maps,” in Computing in Cardiology, 2021, Brno, Czech Republic.
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Chapter 10. Patents

10.2.3.

National Conferences

e C. Fambuena-Santos, I. Hernandez-Romero, R. Molero, F. Atienza, A. M. Climent, and

M. S. Guillem, Deteccion de Actividad Reentrante en Fibrilacion Auricular mediante

Imagen Electrocardiografica: Relacion con el Resultado Favorable tras Aislamiento de

Vena Pulmonares. Congreso Nacional de la Sociedad Espafiola de Cardiologia, Mallorca,

Spain, 2022.

10.3. Patents

R. Molero, C. Fambuena-Santos, J. Milagro, A.M. Climent, M. S. Guillem, ‘Method for

analyzing arrhythmia’. The patent is currently in the PCT (Patent Cooperation Treaty) phase of
international application. PCT/EP2022/074485.

10.4. Awards

e 2020 — Rosanna Degani Young Investigator Award Finalist — Computing in Cardiology

Conference, Rimini, Italy. “Post-Processing of Electrocardiographic Imaging Signals to

Identify Atrial Fibrillation Drivers,” in Computing in Cardiology, 2020.

e 2021 -ITACA 2nd Award Ferran Moncholi to publications with a higher impact factor
in ITACA Institute.

10.5. Participation in scientific international committees

Member of the Consortium of Electrocardiographic Imaging (CEI):
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Member of CEI-Atrial Arrythmias. 2020-Present

Coordinator of CEI-Atrial Arrhythmias subgroup of Impact of ECGI resolution
algorithm on AF Biomarkers from ECGI Follow Up Meeting

Member of CEI-Modelling Working Group 2021-Present

Member of CEI-Machine Learning Working Group: 2023-Present

Member of Organizing Committee of CEI Satellite Symposium 2020 — Online
Member of Organizing Committee of CEI Satellite Symposium 2021 — Brno, Czech
Republic



Chapter 10. Diffusion of results

e Main coordinator of Organizing Committee of CEI Satellite Symposium 2022 —

Tampere, Finland

e Member of Local Organizing Committee of ECGI Summit 2023, Valencia, Spain

10.6. Diffusion of results

During my thesis, extensive efforts were made to promote the scientific findings through
various channels. The results obtained were disseminated in conferences, scientific events, and
through social media platforms such as Twitter and LinkedIn. Additionally, the research gained
visibility through coverage in multiple press publications and even featured on television,

specifically on Apunt Televisio.

10.7. Industrial collaboration

Throughout my thesis, a close collaboration has been produced with Corify Care SL, a leading

company in the field of Electrocardiographic Imaging.

10.8. Teaching

e 2020-2021 - Sistemas complejos bioinspirados, Ingenieria de Tecnologias y
Servicios de Telecomunicacion - 2.1 ECTS

e 2021 — 2022 - Sistemas complejos bioinspirados, Ingenieria de Tecnologias y
Servicios de Telecomunicacion - 4.2 ECTS

e 2022- 2023 - Sistemas complejos bioinspirados, Ingenieria de Tecnologias y
Servicios de Telecomunicacion - 4.2 ECTS

e 2022 —2023 - Electronica, Grado en Tecnologia Digital y Multimedia - 2.6 ECTS

10.8.1. Supervision of bachelor thesis

e Development of a method for estimating the location of maintaining sites of atrial
fibrillation using the inverse problem of electrocardiography through phase analysis and
phase and frequency modulations. Estrella del Mar Ballester Hoyo, 09/12/2020. Mark:
9.5
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Chapter 10. Research stay

e Study of the temporal reproducibility of inverse electrograms in patients with atrial
fibrillation. Aida Saez Saez, 05/07/2021. Mark: 9.2

e Development of algorithms for identifying reentrant patterns in atrial flutter through
solving the inverse problem of electrocardiography. Maria Correas Garcia, 14/09/2021.
Mark: 9.2

10.8.2. Supervision of master thesis

e Development of technology for the estimation of atrial conduction velocity in sinus
rhythm using inverse problem of electrocardiography. Albert Marin Bernard, 21/07/2020.
Mark: 9.0

10.9. Research stay

During the development of this thesis a research stay has been conducted on Maastricht

University, the Netherlands.
Dates: 1% of September until 30" of November 2021.

During this stay an international conference paper and Chapter 8 of this thesis have been

developed.

10.10. Research projects and funding

This PhD thesis has been funded by Generalitat Valenciana — Conselleria de Innovacion,
Universidades, Ciencia y Sociedad Digital under the title of ‘Estimation of atrial electrical
complexity during atrial fibrillation’ and code ACIF/2020/265, with a grant amount of
66.578.40€. Furthermore, the research stay conducted during this PhD thesis has been funded by
Generalitat Valenciana with a grant amount of 4331.00€, grant number BEFP1/2021/062.

In addition, this work has been developed as part of the following projects:

e Desarrollo de una herramienta de mapeo panoramico para la evaluacion de sustratos
electro-estructurales para guiar la ablacion de la fibrilacion auricular utilizando Al
(PID2020-119364RB-100)

o Funding Entity: Agencia Estatal de Investigacion
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Chapter 10. Research projects and funding

o Project Title: Development of a panoramic mapping tool for the evaluation
of electro-structural substrates to guide atrial fibrillation ablation using Al
(PID2020-119364RB-100)

o Main Researcher: Maria de la Salud Guillem Sanchez

o Grant Amount: 179,201.00€

e Artificial intelligence drive platform for atrial fibrillation stratification
o Funding Entity: EIT HEALTH E.V.
o Main Researcher: Maria de la Salud Guillem Sanchez

o Grant Amount: 109,812.44€

e Tecnologias de imagen -electrocardiografica para la personalizacion de los
tratamientos para fibrilacion auricular (AICO/2018/267)
o Funding Entity: Generalitat Valenciana
o Main Researcher: Maria de la Salud Guillem Sanchez

o Grant Amount: 40,000.00€
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